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Background

The triglyceride-glucose (TyG) index is a practical substitute measure for insulin resistance (IR). The relationship between IR and lung cancer has been examined in previous studies; however, the findings have been controversial. In addition, previous studies had small sample sizes. Thus, we systematically examined the association between IR and lung cancer risk based on the UK Biobank with IR measured by the TyG index and further examined the interactions and joint effects for lung cancer.



Methods

A total of 324,334 individuals free from any type of cancer at recruitment from the UK Biobank prospective cohort were included. The participants were predominantly between 40 and 70 years old. After adjusting for relevant confounders, multivariable Cox regression models were constructed to examine the relationship between the TyG index and the risk of lung cancer. We also checked the interactions and joint effects using a polygenic risk score (PRS) for lung cancer.



Results

During a median follow-up of 9 years, 1,593 individuals were diagnosed with lung cancer. No association was found between the TyG index and lung cancer risk after multivariate Cox regression analysis adjusted for risk factors (hazard ratio: 0.91; 95% confidence interval: 0.64–1.18). No interaction or joint effects for genetic risk and the TyG index were observed.



Conclusion

The TyG index was not associated with the risk of lung cancer. Our results provide limited evidence that IR is not correlated with the risk of lung cancer.





Keywords: lung cancer, insulin resistance, UK Biobank, longitudinal study, triglyceride-glucose index



Introduction

Lung cancer is one of the most commonly diagnosed cancers causing many deaths each year (representing approximately one in 10 cancers diagnosed and one in five deaths in 2020) (1). Despite improved treatment, the diagnosis of lung cancer is associated with relatively poor survival (2). Identifying the population at high risk of lung cancer remains an arduous task (3).

Insulin resistance (IR) is one of the most common metabolic disorders (4, 5). The triglyceride-glucose index (TyG index), a surrogate indicator of combined triglycerides (TGs) and glucose, is considered to be a practical and effective measurement for IR (6–8). Some studies have shown that the TyG index plays an important role as a potential risk factor for some diseases, such as metabolic syndrome (9), acute pancreatitis (10), cardio-cerebrovascular diseases (11), and cancers of the digestive system (12). Although some previous studies have preliminarily examined the relationship between IR and lung cancer, the evidence is unconvincing and somewhat controversial. Several studies have shown that IR is positively related to lung cancer, whereas some studies found an invalid association (13–17). In addition, most of the literature had a small sample size and insufficient estimates of genetic predisposition. Whether IR can assist in predicting and diagnosing lung cancer remains unclear. Although genetic susceptibility alleles could explain approximately 12% of heritability for lung cancer (18), and more than 50 genetic susceptibility loci have been identified in different ethnic groups (19), no work has been done to investigate the joint effects or interactions between the TyG index and the genetic susceptibility for lung cancer.

In this study, we sought to systematically examine the association between IR and lung cancer risk based on the UK Biobank, with IR measured by the TyG index, and further examined the interactions and joint effects using a polygenic risk score (PRS) for lung cancer. 



Materials and Methods


Study Cohort

We used data from the UK Biobank, which is an ongoing population-based national prospective cohort study. Approximately half a million people between 37 and 73 years of age were recruited for the study across the United Kingdom from 2006 to 2010 (20, 21). At baseline assessment, participants completed a standardized questionnaire that included detailed information on socioeconomic and demographic characteristics, general health and medical information, lifestyle, and diet. Physical assessments, laboratory investigations, and genome-wide genotyping of all participants were also performed at baseline. Written informed consent was obtained from all participants, and the study protocol was approved by the North West Multi-Center Research Ethics Committee, the Patient Information Advisory Group in England and Wales, and the Community Health Index Advisory Group in Scotland.



Ascertainment of Exposures

Demographic data on age, sex, region, socioeconomic status (Townsend deprivation score), smoking status and alcohol intake frequency were obtained by administering a standardized questionnaire. Region refers to the UK Biobank Assessment Center at which the participant consented (22). Material deprivation was measured using the Townsend Index. Each participant was assigned a score corresponding to the output area in which their postcode was located. Smoking status was categorized as never, former, or current smoking. Alcohol intake frequency was categorized as never, special occasions only, 1-3 times/month, 1-2 times/week, 3 or 4 times/week, or daily or almost daily. Body mass index (BMI) was calculated by dividing body weight (kg) by height in meters squared (m2). For analyses, BMI was categorized into normal (<25 kg/m2), overweight (25–29.9 kg/m2), and obese (≥30 kg/m2). The waist-hip ratio (WHR) was calculated by dividing waist circumference by hip circumference.

Blood samples were collected at recruitment of participants into UK Biobank, and taken at random, and the time (hours) since the last meal and the fasting time were recorded during collection (23). Data on TG, glucose, total cholesterol (TC), high-density lipoprotein cholesterol (HDL), low-density lipoprotein cholesterol (LDL), and glycated hemoglobin (HbA1c), including fasting time before sampling, were collected during health examinations. The TyG index was calculated using the formula: ln [triglyceride (mg/dL) × glucose (mg/dL)/2]. (24) The HbA1c value was categorized into normal and high with a clinical cutoff of ≥42 mmol/mol (25, 26). Diabetes (International Classification of Diseases, 10th Revision [ICD-10]: E10-E14), dyslipidemia (ICD-10: E78), and hypertension (ICD-10: I10-I15) were defined from the health records of the UK Biobank. Further details on the definition of the selected variables are provided in Table S1.



Selection Criteria

We included participants who met the following criteria: 1) Caucasian; 2) no previous history of any type of cancer before enrollment; 3) without diabetes or dyslipidemia; and 4) no missing data. Further, we excluded participants with a follow-up time of less than 1 year from the study to minimize the possibility of reverse causality (i.e., parameters of interest affected by undiagnosed cancer) (24). Figure 1 presents a flowchart of the study selection process.




Figure 1 | Selection criteria for building the lung cancer cohort and the main analysis of this study. BMI, body mass index; WHR, waist-hip ratio; TC, total cholesterol; TyG index, triglyceride-glucose index; HDL, high-density lipoprotein cholesterol; LDL, low-density lipoprotein cholesterol; HbA1c, glycated hemoglobin; PRS, polygenic risk score.





Polygenic Risk Score Construction

Details of the genotyping and imputation procedures for single nucleotide polymorphisms (SNPs) in the UK Biobank can be found elsewhere (27). Eighteen SNPs that were significantly associated with lung cancer risk (P < 5×10-8) in Caucasians in the study by McKay et al. were identified from a genome-wide association study (Table S2) (18). The PRS for lung cancer was constructed for each participant by summing the risk allele numbers (i.e., participants have 0, 1, or 2 risk alleles) weighted by their respective effect sizes [β coefficients, as natural log-transformed values (odds ratios)] (28). The effect of missing SNP observations was set to a value of zero.



Ascertainment of Outcome

The study outcome was incident diagnosis of lung cancer of any of the topographic subcategories, recorded via linkages to national cancer and death registries according to the ICD-10 code C34. Participants were followed up from the date of recruitment until the date of lung cancer diagnosis, the date of death, or 15 February 2018, whichever came first. 



Statistical Analysis

Means ± standard deviations (SD) or medians (interquartile ranges) were calculated for continuous variables, whereas frequencies and proportions (N, %) were reported for categorical variables. Quantitative baseline variables were compared using the t-test. Categorical variables were compared between groups using the chi-square test.

Cox regression models were used to estimate hazard ratios (HRs) and 95% confidence intervals (CIs) for the risk of lung cancer according to the TyG index increment. A univariate Cox regression model (Model 0) was constructed in the first step. Subsequently, a multivariate Cox regression model (Model 1) was adjusted for age at recruitment (continuous), sex, region (10 categories: London, North-West, North-East, East Midlands, West Midlands, South-East, South-West, Wales, Yorkshire and Humber, Scotland), Townsend deprivation score (quartile), smoking status (never, former, current), alcohol intake frequency (6 categories: never, special occasions only, 1-3 times/month, 1-2 times/week, 3 or 4 times/week, and daily or almost daily), BMI (normal, overweight, obese), WHR (quartile), and hypertension (yes, no). Furthermore, Model 2 was additionally adjusted for TC (continuous), HDL (continuous), LDL (continuous), HbA1c (normal, high), and fasting time (continuous). Covariates were selected based on scientific plausibility and previous studies. Restricted cubic spline models were fitted to Cox proportional hazards models (29). Information about the data collection of covariates is provided in Table S1. The main analysis of this study is presented in Figure 1.

Furthermore, the continuous variable TyG index was divided into categories, and the above three Cox models were applied as described previously. First, the TyG index was divided by deciles, and the three Cox models were used to determine the overall trend of HRs for the TyG index with lung cancer risk. In the subsequent analysis, we categorized participants as having low-level and high-level TyG indices according to the median. Stratum-specific analyses were conducted to assess the potential effects of age group at recruitment (<55, 55-64, or ≥65 years), sex, Townsend deprivation score (tertiles), smoking status (never, former, or current), alcohol intake frequency (never, less than daily, daily or almost daily), BMI (normal, overweight, obese), WHR (tertiles), TC (tertiles), HDL (tertiles), LDL (tertiles), HbA1c (tertiles), fasting time (<8, ≥ 8 hours), and hypertension (yes, no).

Analyses of the genetic susceptibility of lung cancer were restricted to participants with a complete lung cancer PRS (Figure 1). We assessed the statistical significance of the potential effect modifications by interaction testing using likelihood ratio tests. Participants were divided into categories of low (quintile 1), intermediate (quintiles 2–4), and high (quintile 5) PRS (28). The effects of the TyG index were detected at each genetic level, and the joint effects were assessed in different genetic risk groups.

We conducted a sensitivity analysis by removing participants whose TyG index was beyond the range of mean ± 3SD. We also did the sensitivity analysis to examine the robustness of our results: removing participants with a follow-up time of less than 2 years. All analyses were performed using R version 4.0.3 (http://www.rproject.org/), and a two-tailed P-value < 0.05 was considered statistically significant.




Results

Among the 502,527 UK Biobank participants, 29,810 were non-Caucasians, 34,376 had a pre-baseline diagnosis of any cancer, and 759 had less than 12 months of follow-up. Meanwhile, 27,752 and 34,918 participants were excluded because they were missing TG and glucose values, respectively. We also excluded 20,830 participants with diabetes and 29,748 participants with dyslipidemia (Figure 1). Among the remaining 324,334 UK Biobank participants, there were 1,593 incident lung cancer diagnoses during a median follow-up of 9.07 years (interquartile range: 8.34–9.74 years). The median age was 57 (range: 38-73) years old.


TyG Index and Baseline Characteristics

Baseline demographic and clinical characteristics are listed in Table 1. There were significant differences between the two groups in terms of age at recruitment, region, sex, smoking status, alcohol intake frequency, and hypertension (all P < 0.01). The TyG index was higher in the lung cancer group than in the group without lung cancer (P < 0.01). A significant excess risk of lung cancer was observed for Townsend deprivation score, WHR, fasting time, HbA1c and TG levels (all P < 0.01). However, TC, HDL-C, and LDL-C levels were significantly lower in patients with lung cancer than in those without lung cancer (all P < 0.01). The BMI and glucose levels were similar between the two groups (P = 0.817 and 0.296, respectively).


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





TyG Index and Risk of Lung Cancer

When applying the univariate Cox model to the TyG index, a significant excess risk of lung cancer was observed (HR: 1.757, 95% CI: 1.518–1.995, P < 0.01). There was no evidence of an elevated risk of lung cancer linked to the TyG index in Model 1 (HR: 0.895, 95% CI: 0.644–1.145, P = 0.385) after adjusting for age, sex, region, Townsend deprivation score, smoking status, alcohol intake frequency, BMI, WHR, and hypertension. Similar estimates were obtained when fasting time, TC, LDL-C, HDL-C, and HbA1c were included in Model 2 (HR: 0.911, 95% CI: 0.640–1.182, P = 0.499) (Table 2). Furthermore, we did not observe significant associations between the TyG index grouped by deciles and lung cancer risk since almost all CIs crossed the line with the HR equal to 1 in both Models 1 and 2, except for the last group of TyG index (Supplementary Figure 1). When dividing the TyG index by median level (TyG index = 8.639), the results were the same as before with no significant associations in Model 1 (HR: 0.974, 95% CI: 0.876-1.083, P = 0.629) and Model 2 (HR: 0.966, 95% CI: 0.850–1.097, P = 0.589) (Table 2).


Table 2 | Hazard ratios and 95% confidence intervals for lung cancer according to the TyG index.





Subgroup Analysis and Sensitivity Analyses

In addition, we restricted our analyses to participants whose fasting time was ≥ 8 h, and the results were similar to the results for the entire study population (Supplementary Figure 2). Meanwhile, the subgroup analysis also showed consistent results in that no evidence of effect modification was observed for the TyG index with lung cancer risk in different groups since all CIs contained 1 in both Model 1 and Model 2 (Supplementary Figure 2). Sensitivity analyses showed that the multivariable-adjusted associations remained unchanged after excluding individuals whose TyG index was beyond the range of mean ± 3SD (Supplementary Figure 3) or whose follow-up time less than 2 years (Supplementary Figure 4).



Joint Effects and Interactions for Lung Cancer According to PRS

We observed an increased risk of lung cancer in participants with higher lung cancer PRS (N = 320820, cases = 1579; adjusted HR per SD increase: 1.481; 95% CI: 1.300–1.687; Supplementary Figure 5), which is consistent with previous studies. The association of the TyG index with lung cancer was not significant after adjusting for PRS (HR: 1.193, 95% CI: 0.901–1.580, P = 0.218), and we did not identify a significant interaction between the TyG index and lung cancer (genetic score group [intermediate]: TyG index group [high], HR interaction: 0.767, 95% CI: 0.568–1.035, P = 0.083; and genetic score group [high]: TyG index group [high], HR interaction: 0.835, 95% CI: 0.592-1.178, P = 0.304) (also see Figure 2 and Supplementary Figure 6). 




Figure 2 | Risk of incident lung cancer according to genetic risk and the TyG index. Participants were divided into categories of low (quintile 1), intermediate (quintiles 2–4), and high (quintile 5) genetic risk strata. The TyG index was defined as low and high according to median level (TyG index = 8.639). The hazard ratios were estimated using Cox regression models after adjusting for age, sex, region, Townsend deprivation score, smoking status, alcohol intake frequency, body mass index, waist hip ratio, and hypertension, fasting time, total cholesterol, low-density lipoprotein cholesterol, high-density lipoprotein cholesterol, and glycated hemoglobin as well as the top 10 principal components of the ancestry and genotyping array. TyG index, triglyceride-glucose index.






Discussion

Based on a large-scale prospective cohort study, we systematically examined the association between IR quantified using the TyG index and incident lung cancer risk. Although a significant excess risk of lung cancer was observed for the TyG index in the lung cancer group or in the univariate Cox model, no association was found between the TyG index and lung cancer risk after multivariate Cox regression analysis adjusted for risk factors. Subgroup and sensitivity analyses confirmed the results. Since both genetic and environmental factors could collectively contribute to lung cancer risk, we studied the joint effects of the TyG index and PRS on lung cancer risk. The studied PRS comprised 18 significant SNPs obtained from a published genome-wide association study (18). Our study found no statistically significant interaction between the TyG index and the genetic propensity for lung cancer.

IR refers to a condition of impaired insulin action in promoting glucose uptake and use. A decline in insulin sensitivity can lead to a series of disorders (4, 5, 30). In the 1960s, it was observed that diabetes, obesity, lipid metabolism disorders, and hypertension often occur simultaneously in the same individual. In 1995, Stern proposed the “common soil” theory, which states that IR is the common basis for the above-mentioned diseases (31). IR can be assessed using various methods. The gold standard test for measuring insulin insensitivity is the euglycemic-hyperinsulinemic clamp in which peripheral glucose uptake is measured under conditions of elevated insulin concentrations. However, it is difficult to apply the glucose clamp in larger population studies and clinical settings because it is expensive and time-consuming (32). In recent years, studies have shown that the TyG index, calculated using TGs and glucose, has high sensitivity and specificity for identifying IR. Moreover, it is fast, inexpensive, and easy to use (6, 7).

It has been recognized that IR is closely related to cardio-cerebrovascular diseases. Our previous studies have confirmed that the TyG index is a sensitive pre-diagnostic indicator for cardio-cerebrovascular diseases (11). Other studies have also shown that the TyG index is closely related to cancers of the digestive organs and kidneys and that an increased BMI has a substantial effect on the risk of these cancers (24). However, very few studies have examined the association between the TyG index and lung cancer. A recent study reported that the TyG index is remarkably higher in patients with non-small cell lung cancer than in controls in a Chinese population (16). Consequently, the TyG index may be a suitable tumor marker for non-small cell lung cancer. The main purpose of our study was to explore whether the TyG index is a suitable predictor of lung cancer.

Previous studies investigating the association between lung cancer and IR have yielded inconsistent results. Some studies have shown that IR increases the risk of lung cancer (15, 33). Many mechanisms have been proposed to explain this observation. For example, elevated insulin levels may potentiate the activity of insulin-like growth factor-I, which represents a potent growth-promoting factor for lung cancer (34), and insulin may stimulate the Ras signaling pathway to promote lung carcinogenesis (35, 36). Moreover, additional mechanisms, such as stimulation of local angiogenesis or direct growth promotion via insulin receptors available on lung cancer cells, cannot be excluded. However, some studies, especially observational studies, have shown that IR is not associated with lung cancer, which is consistent with our results. The exact mechanism underlying this phenomenon is not yet clear. One possible view suggests that it is related to abnormal lipid metabolism in patients with tumors. Many cancers can cause fatty acid oxidation and/or adipose tissue lipolysis, and excessive fatty acids in the circulation may lead to IR. Abnormal lipid metabolism has been proposed as a cause of IR in obesity and type 2 diabetes (17, 30, 31). Han et al. reported an association between the blockage of whole-body fatty acid oxidation or adipose tissue lipolysis, whole-body IR, and glucose intolerance (37). IR may not be a tumor inducer but an extrapulmonary symptom in the development of lung cancer. Furthermore, several factors including obesity can independently modify both cancer risk and insulin resistance (38, 39). 1) Obesity is a worldwide health problem that is closely associated with IR and hyperinsulinemia (40). Many studies have found a strong correlation between obesity and IR (5, 41–43). 2) Obesity is a major risk factor for several common cancers (24, 44). However, a high BMI has been correlated with a reduced risk of lung cancer (45–47). 3) Hence, obesity may represent a confounding factor in the analyses of studies linking IR and lung cancer. In this study, consistent conclusions were reached after multivariate analysis adjusting the BMI and other relevant factors (Table 2), and in the subsequent stratification analysis by different levels of BMI (Supplementary Figure 2). Smoking is recognized as a major risk factor for lung cancer (3, 48). Smoking can suppress β-cell function, thereby reducing insulin secretion. A negative correlation between smoking and insulin has been observed in many epidemiological studies. This inverse relationship may also inhibit the tumor-promoting effects of hyperinsulinemia in lung cancer (49).

The exact mechanism between IR and lung cancer have not yet been fully understood, and more in-depth preclinical and clinical studies are needed to have a more detailed molecules and mechanisms understanding.

Our study is advantageous because of its design. First, this study had a large sample size and was prospectively designed. The longitudinal design could help reduce chance findings. The results from the multivariate Cox models at the continuous and categorical levels of the TyG index replicated each other to some degree and were further verified by incorporating the PRS of lung cancer. Second, to provide more stable and reliable results, subgroup analysis and sensitivity analyses were performed; however, the results remained the same. This somewhat reconfirmed that the analysis was stable and reliable.

Nevertheless, our study has some limitations. First, some information, such as physical activities, and female reproductive factors, was not included in the assessment, which could have affected the results. Second, we did not consider the confounding effect of inflammation, which could have overestimated the estimated indirect effect based on insulin. It has been demonstrated that the inflammatory milieu is associated with IR, obesity, dyslipidemia, and tumorigenesis (50). Third, the participants were all Caucasians from the UK Biobank, which may have contributed to selection bias while also affecting the generalizability of the results.

In conclusion, the present study showed that the TyG index level was not associated with the incidence of lung cancer. These results indicate that IR cannot identify the population at high risk of lung cancer, although the underlying mechanisms require further clarification.
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Background

Small cell lung cancer (SCLC) is associated with aggressive biology and limited treatment options, making this disease a historical challenge. The influence of race and socioeconomic status on the survival of stage IV SCLC remains mostly unknown. Our study is designed to investigate the clinical survival outcomes in Black and White patients with stage IV SCLC and study the demographic, socioeconomic, clinical features, and treatment patterns of the disease and their impact on survival in Blacks and Whites.



Methods and Results

Stage IV SCLC cases from the National Cancer Database (NCDB) diagnosed between 2004 and 2014 were obtained. The follow-up endpoint is defined as death or the date of the last contact. Patients were divided into two groups by white and black. Features including demographic, socioeconomic, clinical, treatments and survival outcomes in Blacks and Whites were collected. Mortality hazard ratios of Blacks and Whites stage IV SCLC patients were analyzed. Survival of stage IV SCLC Black and White patients was also analyzed. Adjusted hazard ratios were analyzed by Cox proportional hazards regression models. Patients’ median follow-up time was 8.18 (2.37-15.84) months. Overall survival at 6, 12, 18 and 24 months were 52.4%, 25.7%, 13.2% and 7.9% in Blacks in compared to 51.0%, 23.6%, 11.5% and 6.9% in Whites. White patients had significantly higher socioeconomic status than Black patients. By contrast, Blacks were found associated with younger age at diagnosis, a significantly higher chance of receiving radiation therapy and treatments at an academic/research program. Compared to Whites, Blacks had a 9% decreased risk of death.



Conclusion

Our study demonstrated that Blacks have significant socioeconomic disadvantages compared to Whites. However, despite these unfavorable factors, survival for Blacks was significantly improved compared to Whites after covariable adjustment. This may be due to Blacks with Stage IV SCLC having a higher chance of receiving radiation therapy and treatments at an academic/research program. Identifying and removing the barriers to obtaining treatments at academic/research programs or improving the management in non-academic centers could improve the overall survival of stage IV SCLC.





Keywords: stage IV Small cell lung cancer, racial, socioeconomic status, survival, academic program



Introduction

Blacks bear a disproportionate burden of cancers. Blacks have the lowest survival rate and the highest death rate in comparison to other racial or ethnic groups for most cancer types (1). Socioeconomic status (SES), such as income status, education level, and medical insurance, plays the most critical role in leading to these racial inequalities (1–5). Blacks have a higher rate with stage IV cancer, and the risk of cancer-related death is higher when compared with Whites because more Blacks are uninsured than Whites (6–11). Previous studies reported that the 5-year survival rate of lung cancer is lower in Blacks than those in Whites (1). In addition to socioeconomic status, curative-intent surgery also plays a vital role in survival. Blacks diagnosed with early-stage lung cancer are less likely to perform radical surgery than Whites even after considering the impact of socioeconomic factors (1, 12, 13). While the roles of race and SES disparity have been well-studied in various cancer care settings, their roles and interplay in stage IV SCLC remains primarily unknown. SCLC accounts for 10-15% of all lung cancers, and the prognosis for SCLC patients is poor (14–16). More than 60% of SCLC patients present with stage IV disease at diagnosis (17, 18). Differences in lung cancer incidence still exist among different ethnic groups, with Blacks having a significantly higher lung cancer rate than Whites and Blacks who are diagnosed with more stage IV cancers than Whites (1). In comparison, the incidence of SCLC decreases among all races, and there is no significant difference in stage distributions between Blacks and Whites from 2006 to 2010 (19).

NCDB is a prospectively maintained registry database covering 70% of newly diagnosed cancer cases in the nation (20). It includes 82% of lung cancer cases with an annual follow-up of at least 90% of the patients (21). In this current study, we analyzed the survival differences in stage IV SCLC patients between Blacks and Whites, considering various variables available in NCDB. We also investigated the characteristics of various clinical and treatment-related features among Blacks and Whites and the potential impact on clinical outcomes.



Methods

SCLC cases diagnosed between 2004 and 2014 were obtained from the National Cancer Database (22). The histology codes were mainly based on the International Agency for Research on Cancer (IARC) classifications: small cell carcinoma [International Classification of Diseases for Oncology Third Edition (ICD-O-3) codes 8002, 8041–8045)]. We identified 214,096 cases with TNM staging data, excluding stage I, II, III, and the stage unknown cases. The final study cohort consisted of 119,611 stage IV SCLC patients, including 110,696 White patients and 8,915 Black patients.

Study subjects were included in the study from the date of diagnosis and were followed until the end of the study period, the date of the last contact, or death, whichever came first. The primary outcome measure in our study was overall survival (OS) (20). Baseline demographic features including sex, age, education, census median income quartiles, insurance, living area, geographic region, distance to treating facility (great circle distance, distance in miles between patient’s residence based on ZIP code centroid or city to street address of treating facility); clinical characteristics including the time of diagnosis, tumor size, Charlson-Deyo score, and treatments including radiation therapy, chemotherapy, immunotherapy, palliative care, facility procedure volume, academic/research program between Blacks and Whites were studied. Patients with missing information were excluded from the analysis. Predictors included age (<60, 60-69, 70-79, >=80), insurance at the time of diagnosis (private, government, no insurance, missing), percentage of without high school degree 2007-2012 (<7%, 7-12.9%, 13-20.9%, >=21%), census median income quartile 2007-2012 (<$38,000, $38,000-$47,999, $48,000-$62,999, >$63,000) and Charlson-Deyo comorbidity score (0, 1, 2, >=3). A modified Charlson-Deyo score was calculated from preexisting comorbidities, which up to six conditions (23).


Statistical Analysis

The distribution of demographics, clinical, and treatment features was compared between Blacks vs. Whites using Pearson’s chi-square test and Wilcoxon rank-sum test, as appropriate. Overall survival was calculated as the time from the initial diagnosis of stage IV SCLC to date of death or the last known alive. Kaplan-Meier analysis was used to compare survival differences between Blacks and Whites. Multivariable Cox regression modeling was used to identify independent features associated with survival in patients with stage IV SCLC and hazard ratios (HR) for mortality were presented (22). Nonproportional variables were used as stratification variables, and the proportional hazards assumptions were performed using Schoenfield residuals in the final analysis. The primary endpoint of the study was the survival difference between Whites and Blacks. The possible association of other features with survival was the secondary analysis. A two-sided P-value of less than 0.05 with a confidence interval limit at 95% was considered as statistical significance.




Results

A total of 119,611 stage IV SCLC patients, including 110,696 White patients and 8,915 Black patients, were included in this study. The median follow-up is 8.18 months (range 2.37-15.84 months). Patients’ demographic, clinical, and treatment features were compared between Blacks and Whites (Tables 1–3). Blacks were more likely to be male, younger, with lower education and lower annual income than Whites on the logistic regression model. They also had shorter travel distances to their treatment site. The median travel distance between the patient’s primary residence and treatment site was 13.8 vs. 24.9 miles in Blacks versus Whites (P<0.0001). Blacks were found to have larger tumors (mean tumor size 58 vs. 54.2 mm, p <0.0001) and were more likely to receive radiation therapy (41.6% vs. 38.9%, p<0.0001) and treatment in academic centers (41.4% vs. 24.7%, p<0.0001) than Whites. In addition, Blacks were less likely to receive palliative therapy than Whites (20.7% vs. 21.7%, p = 0.03). Among stage IV SCLC patients who received the treatments, 7.7% of Blacks and 6.3% of Whites received radiation therapy alone (p<0.0001), 36.2% of Blacks and 38.2% of Whites received chemotherapy alone (p<0.0001), and 33.3% of Blacks and 32% of Whites received both chemotherapy and radiation therapy (p<0.0001, Supplementary Table 1). Among the patients who received radiation therapy and chemotherapy, 60.5% of Black and 62.6% White patients received chemotherapy first, followed by radiation therapy (p = 0.0299). In addition, more Blacks were found brain metastasis than Whites (27.7% vs. 24.6%, p<0.0001). The incidence of stage IV SCLC increased from 2004 to 2014 in both Blacks and Whites, although the distribution was slightly different. No significant differences were found between Blacks and Whites in insurance status, living area, geographic region, diagnostic confirmation method, Charlson-Deyo score, chemotherapy, immunotherapy, and treatment facility volume.


Table 1 | Demographic characteristics of patients with stage IV SCLC.




Table 2 | Disease characteristics of patients with stage IV SCLC.




Table 3 | Clinical treatment of patients with stage IV SCLC.



Although the overall distribution was consistent regarding the patients’ and tumor’s characteristics, some differences were noticed. Among those with stage IV SCLC, the proportion of female patients was lower than male patients in both Whites (48.8% versus 51.2%) and Blacks (48.3% versus 51.7%) (Figure 1A). The total number of White stage IV SCLC patients increased by 27.9% in 2014 compared to 2004 (8,393 patients in 2004 and 11,639 patients in 2014). The number of Black stage IV SCLC patients increased by 32.7% in 2014 compared to 2004 (645 in 2004 and 958 in 2014). The percentage of stage IV SCLC among all patients with SCLC had also increased significantly from 2004 to 2014 in both Whites and Blacks, and the increases in Whites were more than those in Blacks (Figure 1B). The median overall survival time of stage IV SCLC in Blacks was 6.57 months, higher than 6.21 months in Whites (p<0.001). The 6 months, 12 months, 18 months and 24 months’ survivals were 51.0%, 23.6%, 11.5%, 6.9% for Whites and 52.4%, 25.7%, 13.2%, 7.9% for Blacks (p<0.01) (Figure 1C).




Figure 1 | Disease distribution characteristics and survival time of stage IV SCLC patients of Black and White. (A) Sex distribution of White and Black stage IV SCLC patients; (B) The percentage of White and Black patients who were diagnosed with stage IV SCLC between 2004 and 2014; (C) The overall survival of White and Black stage IV SCLC patients.



We next used the Cox proportional hazards multivariable model to analyze the potential predictors of overall survival of patients with stage IV SCLC. Black was independently associated with a decreased hazard of death in Cox proportional hazards modeling after controlling for demographic and clinical factors (HR=0.911; 95%CI: 0.884-0.938; P<0.0001). Other favorable factors associated with improved OS included female (HR=0.852; 95% CI: 0.839-0.864, P<0.0001), greater distance to treatment center (HR=0.988; 95%CI: 0.983-0.993, P<0.0001), higher income particularly income>63,000 (HR=0.929; 95% CI: 0.901-0.958, P<0.0001), private insurance (HR=0.888; 95% CI: 0.835-0.945, P<0.0001), radiation therapy (HR=0.774; 95% CI: 0.762-0.787, P<0.0001), chemotherapy (HR=0.406; 95%CI:0.397-0.414, P<0.0001), and receiving treatment in academic/research center (HR=0.978; 95% CI: 0.96-0.997, P=0.02) (Figure 2). Treatment with Chemotherapy appeared to be the most favorable predictor of survival in patients with stage IV SCLC. By contrast, factors associated with decreased OS included increase in age (HR=1.136; 95% CI: 1.126-1.147, P<0.0001), high education (HR=1.05; 95% CI: 1.017-1.085, P=0.0029), living in Rural (HR=1.055; 95% CI: 1.005-1.108, P = 0.0315), high Charlson-Deyo score (HR=1.537; 95% CI: 1.481-1.596, P < 0.0001), increase in tumor size (HR=1.007; 95% CI: 1.006-1.009, P<0.0001) and palliative care (HR=1.225; 95% CI: 1.202-1.247, P<0.0001).




Figure 2 | Cox proportional hazards multivariable regression analysis for predictors of overall survival of patients with stage IV SCLC.





Discussion

Cancer screening, advances in surgery and radiation techniques, and developments of novel therapeutic agents have undoubtedly led to improved clinical outcomes in many cancer patients. However, new developments and advances are uneven among different cancer types, and disparities exist in clinical outcomes across multiple cancer types and some attributes to modifiable factors. Stage IV SCLC represented one of the most notorious cancers with only 2-4 months of survival in untreated patients. Chemotherapy using platinum‐based doublet remains a cornerstone of first-line treatment until the very recent breakthrough of adding the benefit of immunotherapy in combination with chemotherapy (24, 25). Although modest improvement in survival has been observed in patients with SCLC over time, the differences in clinical outcome, socioeconomic status, clinical features, and treatment patterns between races, particularly Blacks versus Whites, remain mostly unknown. Our current study represents the largest real-world analysis of stage IV SCLC patients to investigate the clinical outcomes, the impacts of SES, clinical and treatment factors among Blacks and Whites.

Multiple studies have examined the impact of race and ethnicity on overall lung cancer prognosis (26–28). These studies have demonstrated that non-Black patients have had favorable survival than Blacks over the last several decades. In fact, Blacks have been reported to have the lowest 1-year, and 3-year survival rates in patients with non-small cell lung cancer among all races (29), and the 5-year survival rate for lung cancer is lower in Blacks than in Whites (16% vs. 19%, respectively) (1). In a multivariate analysis of SCLC patients treated through Southwest Oncology Group trials, Whites were found associated with a more favorable clinical outcome than Blacks (26). A few factors such as differences in treatments, time of diagnosis, and possible biological variability were suspected of contributing to the difference observed in Whites versus non-Whites. By contrast, using the CALGB lung cancer database, Stock et al. found that the overall survival of Black patients was not significantly different from that of non–Black patients with or without adjustment for histology, treatment, and metastatic site, despite Black patients were more likely to present with worse performance status and lower socioeconomic condition (30). Both studies offered high-quality information built upon the constraints of clinical trial entry criteria, close follow-up, and relatively uniform treatment regimens through the studies. However, the overall numbers of SCLC patients remain relatively small, and the patients who enter the clinical studies may not best represent patients in the real world. Our study specifically focused on stage IV SCLC where the treatment regimens have been relatively uniform to control the potential confounding effects of stages on outcomes. Our study included a total of 119,611 stage IV SCLC patients. We demonstrated that Blacks with stage IV SCLC had improved overall survival compared to Whites (HR 0.91, CI: 0.884-0.938; P<0.0001). This finding is interesting as our analysis revealed that Blacks were more likely to be associated with unfavorable factors such as lower income levels and larger tumor size. Despite the lower socioeconomic status and larger tumor, Blacks’ one-year and two-year survival were qualitatively similar and statistically superior to Whites (25.7% versus 23.6% and 7.9% versus 6.9% respectively, p<0.01). This might be because more Black patients received radiation therapy (41.6% vs. 38.9%, p<0.0001), had a younger age at diagnosis, and received treatments in academic/research programs (41.4% vs. 24.7%, p<0.0001) than Whites.

Consolidative thoracic radiotherapy and prophylactic cranial irradiation (PCI) have been recommended in patients with stage IV SCLC based on improved overall survival (15, 31). Particularly, PCI has been recommended as the standard of care during our study period, although a recent study performed in Japan demonstrated inconsistent conclusions. Nevertheless, our data found that radiation therapy led to a 23% reduction in mortality (HR 0.77, CI: 0.762-0.787; P<0.0001) in patients with stage IV, and remained the second most favorable factor. It was not surprising to see that chemotherapy represented the most favorable factor in patients with stage IV SCLC (HR 0.41, CI: 0.397-0.414; P<0.0001). Our data suggested that the improved overall survival observed in Blacks than Whites might be related to more Blacks receiving radiation therapy than Whites. Unfortunately, we are unable to classify further the type of radiation (to the primary site vs prophylactic) and location of radiation therapy (thoracic, brain, or other organs) due to limitations of the NCDB dataset. Further studies in this regard are warranted and may be done through claims-based databases. Age was found to be an unfavorable prognosis factor in our study (HR 1.14, CI: 1.126-1.147; P<0.0001), and Blacks were more likely to be diagnosed at an age younger than 60 years (29% vs. 24.1%, p=0.0145). This finding is consistent with our previous findings in non-small cell lung cancer (20). It is also found Black patients have superior survival compared to White patients with multiple myeloma, particularly due to diagnosis in the younger population (22, 32).

One of the most striking differences we noticed between Blacks and Whites was that Blacks were more likely to receive their treatments in academic/research programs than Whites. In our study, 41.4% of Black patients with stage IV SCLC received treatment at an academic/research program in contrast to 24.7% in White patients. Our study also demonstrated that treatment in academic/research centers was a favorable factor, therefore likely contributing to the improved survival in Blacks that we observed in our study. This data suggested receiving care at an academic/research center might mitigate the significant SES disadvantages in society and medical care as an actionable approach. This was similar to our previous study in NSCLC where we found the initial therapy at academic centers significantly improved clinical outcomes (20). Similarly, treatment at academic centers was also demonstrated independently associated with improved survival in patients with locally advanced head and neck cancer (22, 33). The underlying factors driving the improved outcomes are likely multifactorial. Academic/research centers more likely provide access to clinical trials, multi-disciplinary expertise, and ancillary services. Unfortunately, we cannot determine each factor’s exact impact on the survival of stage IV SCLC patients in our study due to the lack of such information in NCDB (34).

Consistent with previous studies performed in non-small cell lung cancers, our study demonstrated that Blacks were associated with lower socioeconomic status, including lower education and low annual incomes than Whites (20, 35–39). Interestingly, high education was found to not correlate with improved clinical outcomes. Instead, it was associated with worse clinical outcomes, although the difference was small (HR 1.05, CI: 1.017-1.085; P=0.0029). This is different from findings from other cancers, including non-small cell lung cancer, where a high level of education has been a beneficial factor for survival (34, 40, 41). This may be due to the ratio of no high school degree patients referred to the residential region rather than individual. Another reason might be that most Blacks are less educated and have better outcomes. Patients with high annual income, particularly those with > $ 63,000, were associated with favorable outcomes, likely due to more access to treatments. Similarly, females were also found to have better outcomes in our study, consistent with findings from other cancer types (39).

Not surprisingly, high comorbidity status was found closely correlated with poor prognosis. Palliative care was found to be associated with poor prognosis in our study. This may be because patients who received palliative care were more symptomatic and had lower tolerability to therapy. It has been noted previously that palliative care utilization is extremely low even amongst academic cancer centers, suggesting that its use is more associated with an alternative than an adjunct to active anticancer therapeutics (42). During this period of 2004 to 2014, the incidence of SCLC declined (43). However, the percentages of stage IV SCLC were increased in both White and Blacks, indicating potentially later diagnosis of this disease.


Limitations

While our study was the first large-scale data analysis focusing on various factors associated with stage IV SCLC outcomes in Blacks and Whites, several limitations were noticed. This study was performed retrospectively through NCDB database, and therefore selection bias was presented. As shown in our study, Blacks with stage IV SCLC had significant disadvantages in socioeconomic status compared to Whites. Thus, Blacks with stage IV SCLC were more likely to present without complete staging information and might be under-represented in our study. The imbalance in the numbers of Blacks and Whites was also evident. However, the number of Blacks included in this study is still higher than other available databases, such as The Surveillance, Epidemiology, and End Results (SEER) Program. Furthermore, although the NCDB contains relatively comprehensive information on cancer patients in the United States, some detailed information was not available. For example, the details of individual treatment, chemotherapy regimens and the number of cycles, accurate radiation dose and field, and comorbidities were not available, which might impact assessment accuracy. Besides the treatment status, it is also a lack of the smoking data of patients, which is important for the survival of SCLC patients. In addition, due to the dismal prognosis associated with stage IV SCLC, the magnitude of overall survival difference between Blacks and Whites is relatively small.




Conclusions

Our study demonstrated that Blacks were associated with significant socioeconomic disadvantages in comparison with Whites. However, despite these unfavorable factors, Blacks had survival outcomes qualitatively similar and statistically superior than those of Whites after co-variable adjustment. Blacks were found associated with younger age at diagnosis, a significantly higher chance of receiving radiation therapy and treatments at the academic/research program. This suggests the importance of radiotherapy and receiving care at an academic center could mitigate the known SES disadvantages in treating small cell lung cancer patients.
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Background

About 15% of lung cancers in men and 53% in women are not attributable to smoking worldwide. The aim was to develop and validate a simple and non-invasive model which could assess and stratify lung cancer risk in non-smokers in China.



Methods

A large-sample size, population-based study was conducted under the framework of the Cancer Screening Program in Urban China (CanSPUC). Data on the lung cancer screening in Henan province, China, from October 2013 to October 2019 were used and randomly divided into the training and validation sets. Related risk factors were identified through multivariable Cox regression analysis, followed by establishment of risk prediction nomogram. Discrimination [area under the curve (AUC)] and calibration were further performed to assess the validation of risk prediction nomogram in the training set, and then validated by the validation set.



Results

A total of 214,764 eligible subjects were included, with a mean age of 55.19 years. Subjects were randomly divided into the training (107,382) and validation (107,382) sets. Elder age, being male, a low education level, family history of lung cancer, history of tuberculosis, and without a history of hyperlipidemia were the independent risk factors for lung cancer. Using these six variables, we plotted 1-year, 3-year, and 5-year lung cancer risk prediction nomogram. The AUC was 0.753, 0.752, and 0.755 for the 1-, 3- and 5-year lung cancer risk in the training set, respectively. In the validation set, the model showed a moderate predictive discrimination, with the AUC was 0.668, 0.678, and 0.685 for the 1-, 3- and 5-year lung cancer risk.



Conclusions

We developed and validated a simple and non-invasive lung cancer risk model in non-smokers. This model can be applied to identify and triage patients at high risk for developing lung cancers in non-smokers.
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Highlights

	1. Evidence before this study:

	• About 15% of lung cancers in men and 53% in women are not attributable to smoking worldwide.

	• Screening people at high risk for lung cancer by low-dose computed tomography (LDCT) has been approved to effective in reducing the burden of this disease.

	• Developing lung-cancer risk prediction tools for Chinese non-smokers in large-scale population-based lung screening programs is sparse.

	2. Added value of this study:

	• Risk factors associated with lung cancer in Chinese non-smokers were identified.

	• The model developed has moderate discriminatory accuracy and goodness-of-fit for both men and women, non-passive smokers and passive smokers.

	3. Implications of all the available evidence:

	• This model can be applied to identify and triage patients at high risk for developing lung cancer in non-smokers.

	• The model has potential utility for shared decision making and individualized risk assessment for tailored lung cancer screening in Chinese non-smokers.





Introduction

Lung cancer is the leading cause of cancer related deaths in both the world and China. The latest data from the International Agency for Research on Cancer (IARC) shows that in 2020, there were about 1.80 million lung cancer deaths worldwide, which China accounts for 39.8% (1). The majority of lung cancer cases in China were found to be clinically advanced, with 64.6% of stage III-IV lung cancers in 2012-2014 (2). The age standardized 5-year survival rate of lung cancer in China increased slightly between 2003 and 2015, but still did not exceed 20.0% (3). The prognosis of lung cancer is closely related to the diagnostic stage, and the 5-year survival rate after surgery is almost 0 for stage IV patients, but >80% for stage I lung cancer patients (4).

The results of the National Lung Screening Trial (NLST), initiated in 2002, suggested that low-dose computed tomography (LDCT) screening could reduce lung cancer mortality by 20% (5). However, this project only screened people at high risk for lung cancer based on age and smoking history (55-74 years, smoked no less than 30 pack-years, and had no more than 15 years of smoking quit time). It is well known that smoking significantly increases the risk of lung cancer. Meta-analysis showed that the risk of lung cancer was 13.1 times higher among smokers than non-smokers in Europe and the United States [Hazard Ratio (HR)=13.1, 95% CI= 9.9-17.3] (6), much higher than the 2.77 times risk in the Chinese population [Odds Ratio (OR)=2.77, 95% CI=2.26-3.40] (7). This suggests that the current international standards for lung cancer screening based on smoking as the main indicator for high-risk populations may not be suitable for the Chinese population, especially for Chinese non-smokers. Therefore, how to effectively predict the risk of lung cancer in non-smokers and then guide the more cost-effective LDCT screening is an effective way to achieve efficient early diagnosis and treatment of lung cancer.

Previous studies have constructed several lung cancer risk prediction models based on different characteristics of populations (8–38), but there is few lung cancer risk prediction models based on non-smokers in mainland of China. To this end, developing lung-cancer risk prediction tools for Chinese non-smokers based on risk factors consistently identified in previous studies becomes a priority (39). However, this is difficult and challenging. Unlike the situation of tobacco-driven lung cancer, there is no established risk factors dominating the development of lung cancer among non-smokers. Numerous risk factors have been suggested and their effects vary greatly by geographical region (40–43). For example, we note that the Prostate, Lung, Colorectal, and Ovarian Cancer Screening Trial (PLCO) models do not seem to be useful for Asian non-smokers because PLCO only included about 2000 never-smokers of Asian ethnicity, of which 7 cases of lung cancer occurred (44). Indeed, none of the non-smokers in the PLCO (n=65,711) had a six-year risk >0.0151, using the PLCOM2014 that is analogous to PLCOM2012 and included non-smokers.

The model was developed based on the Cancer Screening Program in Urban China (CanSPUC) (45). With the focus on established risk factors for lung cancer routinely available in general cancer screening settings, we aimed to develop and internally validated a risk prediction model for lung cancer in Chinese non-smokers.



Methods


Data Source and Subjects

This study was conducted within the framework of CanSPUC, an ongoing, nationwide, population-based cancer screening program in urban China. The purpose of CanSPUC is to screen five most prevalent cancers, including lung cancer, female breast cancer, liver cancer, upper gastrointestinal cancer, and colorectal cancer. The methodology of the CanSPUC has been previously described (45, 46). In brief, after signing a written informed consent, all eligible participants (40-74 years old) were interviewed by trained staffs to collect data on their exposure to risk factors and to evaluate their cancer risk using a defined clinical cancer risk score system. CanSPUC was launched in Henan province of China in October 2013, covering eight cities (Zhengzhou, Zhumadian, Anyang, Luoyang, Nanyang, Jiaozuo, Puyang, and Xinxiang). In this study, we used data from the first six years (from October 2013 to October 2019) in Henan province. Only those non-smokers (except former smokers) were included in this study. Subjects would be excluded if they have been already diagnosed with lung cancer.



Outcome, Variables and Measurements

All new cases of lung cancer in the study were ascertained through local cancer registry databases with a histologically confirmed diagnosis from October 1, 2013 to March 10, 2020 in mainland of China. Newly diagnosed lung cancers were classified by sites according to International Classification of Diseases, 10th version (ICD-10). Lung cancers were identified by ICD-10 of C33-C34. To identify potential risk factors for lung cancer, the following data were collected by self-report:

	(1) Demographic characteristics: including age, gender, race, height, weight and level of education. A low education was defined as primary school or below, medium education was defined junior or senior high school, and high-level education was defined as undergraduate or over. Body mass index (BMI) was calculated according to height and weight, and classified as “<18.5 kg/m2”, “18.5-23.9 kg/m2”, “24.0-27.9 kg/m2”and “≥28.0 kg/m2”.

	(2) Dietary habit: a) Dietary intake of the following food in the past two years: vegetables intake (<2.5kg/week, ≥2.5kg/week), fruit intake (<1.25kg/week, ≥1.25kg/week), roughage intake (<0.5kg/week, ≥0.5kg/week). Vegetables referred to green leaf plants and fungi, except for potato, sweet potato, and other starch. Roughage referred to the grains except white flour and rice. Food weight was determined before cooking. b) Taste preferences: heavy-salt diet (yes, no) and heavy-grease diet (yes, no).

	(3) Living environment, behavior and habits: a) Cooking oil fume (COF) exposure: exposure is considered as “none or a little”, if chimneys, fume extractors, or smoke-less pots was used during cooking; otherwise, it is considered as “a lot”. b) Physical activity: activities were categorized as Taijiquan/Qigong/Walking, long distance running/aerobics, ball games (basketball, table tennis, badminton, etc.), fast walking/yangko dance, swimming and other physical exercises (such as mountain climbing, rope skipping, shuttlecock kicking). Subjects who did exercise for at least three days with a total time ≥90 mins per week were categorized as “heavy physical activity”; otherwise, were categorized as “moderate or no physical activity”.

	(4) Comorbidities: including history of chronic respiratory disease, tuberculosis, chronic bronchitis, emphysema, asthma bronchiectasis and hyperlipidemia. All self-reported comorbidities required a diagnosis from professional medical institutions.

	(5) Family history of lung cancer: whether first-degree relatives, second-degree relatives or third-degree relatives had lung cancer or not.





Statistical Analysis

All statistical analyses were performed with the statistical software SAS version 9.4 (SAS Institute, Cary, NC) and R version 4.0.3 (The Free Software Foundation, Boston, MA, USA). The “rms” package was used to draw the nomogram. The “survivalROC” package was used to draw the ROC curves. The “ggplot2” package was used to draw the calibration curves. All tests were two-sided and p-values of 0.05 or less were considered to be statistically significant.

With the help of randomization codes produced by means of the PROC PLAN of the SAS system, the dataset was randomly divided into training set and validation set with a 1:1 assignment ratio. The training set was used to create the risk prediction model, while the validation set was used to validate the performance of the model.

Descriptive statistics, expressed as proportions for categorical variables, were used to compare the characteristics of those with and without the outcome of developing lung cancer. Chi-squared tests for categorical variables were used to determine the univariate association between the baseline factors and lung cancer development. Continuous variables were described by means (standard deviation) or median (interquartile range, IQR).

In this study, the combined model based on all independent prognostic factors selected by the stepwise multivariable Cox regression (Pentry=0.15, Pstay=0.10) was used to construct a nomogram to assess the 1‐, 3‐, and 5‐year estimates of the lung cancer risk in the training set. The calibration curves were used to evaluate the validity of the nomogram. The Kaplan–Meier curves were plotted for low-, medium-, and high-risk groups using the 33% and 66% quantiles for lung cancer according to the risk prediction model, and differences among the three curves were tested according to the log-rank test. The prediction performance of the 1-, 3- and 5-year estimates of the lung cancer risk was quantified by receiver operating characteristic (ROC) curves and the area under the curve (AUC) in the training set and validation set. The bootstrap sampling approach was used to evaluate the calibration of the present model by comparing the observed and predicted probabilities. Correction for deviation of estimates from observations (overfitting correction) estimates were based on predictions for a subset of the interval. The median absolute error is also used to evaluate the calibration performance.




Results


Characteristics of the Study Population

A total of 214,764 eligible subjects with a mean age of 55.19 years were included into this study, and 70.70% were females. Subjects were randomly divided into the training set (107,382 subjects) and validation set (107,382 subjects) (Figure 1). By March 2020, among 214,764 eligible participants, 344 lung cancer cases occurred in the follow-up yielding an incident density of 50.53/100,000 person-years. Compared with participants without lung cancer, lung cancer cases were more likely to have a low education, without passive smoking exposure, have a heavy physical activity and have a family history of lung cancer (all P vales <0.05). Additional characteristics are presented in Supplementary Table 1 and Table 1.




Figure 1 | Flow chart of participants included in this analysis.




Table 1 | Baseline characteristics of the study population in the training set.






Development of the Lung Cancer Risk Assessment Model

Table 2 presents the HRs (95% CI) for each predictor. In the training set, age (≥55 years: 3.68,1.60-8.43; ≥60 years: 5.51, 2.48-12.26; ≥65 years: 7.62, 3.43-16.92; ≥70 years: 9.03, 3.79-21.54), gender (male: 2.07, 1.53-2.79), education (low: 1.87, 1.05-3.33; medium: 1.36, 0.81-2.31), family history of lung cancer (2.00, 1.25-3.20), history of tuberculosis (2.16, 0.87-5.37), and history of hyperlipidemia (0.61, 0.40-0.95) were independent risk factors of lung cancer. Thus, we used these variables to build the model. We plotted 1-year, 3-year, and 5-year lung cancer risk prediction nomogram (Figure 2A).


Table 2 | Multivariable Cox-regression prediction model of lung cancer risk in training set.






Figure 2 | (A) Nomogram to calculate the personal 1-, 3- and 5-year risk of lung cancer risk, and (B) the lung cancer incidence across different cancer risk categories.





Predictive Performance of the Model

The risk predictions were stratified into low-, medium-, and high-risk groups and visualized by Kaplan–Meier curves, showing statistically significant differences between the groups by a log-rank test (Figure 2B, P<0.001).

Using this model, the AUC was 0.753, 0.752, and 0.755 for 1-year, 3-year, and 5-year lung cancer risk in the training set, respectively. Stratified analysis by gender showed that the AUC of the model was higher among men (1-year: 0.776, 3-year: 0.780, and 5-year: 0.816) than women (1-year: 0.724, 3-year: 0.707, and 5-year: 0.694). Stratified analysis by age showed that the AUC of the model was higher among younger participants (<60 years) (1-year: 0.740, 3-year: 0.705, and 5-year: 0.664) than elder participants (≥60 years) (1-year: 0.628, 3-year: 0.648, and 5-year: 0.661). When examined by passive smoking status, the model yielded higher AUC for non-passive smokers (1-year: 0.762, 3-year: 0.756, and 5-year: 0.757) than passive smokers (1-year: 0.711, 3-year: 0.726, and 5-year: 0.738) (Figure 3). Calibration was satisfactory, with observed risks awfully close to the predicted risks (Figure 4).




Figure 3 | The receiver operating characteristic curves of prediction models in the training set. (A) Whole population; (B) Male; (C) Female; (D) Age<60 years; (E) Age≥60 years; (F) Non-passive smokers; (G) Passive smokers.






Figure 4 | Calibration curves of the nomogram for (A) 1-year, (B) 3-year and (C) 5-year lung cancer free in the training set.





Validation of the Lung Cancer Risk Model

The model showed a moderate predictive discrimination in the validation set, with the AUC was 0.668, 0.678, and 0.685 for 1-year, 3-year, and 5-year lung cancer risk (Supplementary Figure 1) and the satisfactory calibration of relative risk (Supplementary Figure 2).




Discussion

In this study, using data from a large perspective lung cancer screening cohort studies, we developed and internally validated a simple risk prediction model for lung cancer in non-smokers, based on six widely available variables, including demographics (age, gender, education), comorbidities (tuberculosis, hyperlipidemia) and family history of lung cancer. Our results showed that the model has good discriminatory accuracy and goodness-of-fit for both men and women, non-passive smokers and passive smokers.

For non-smokers, several risk factors for lung cancer have been identified, including passive smoking (47, 48), previous lung diseases [tuberculosis, chronic bronchitis, emphysema, previous lung diseases (COPD)] (49), indoor radon (50), cooking oil fumes (51) and family history of lung cancer (52). The risk factors for lung cancer identified in our study, such as age, gender, family history of lung cancer, history of tuberculosis, are consistent with the findings. The most dominant risk factors for lung cancer in non-smokers is age, and our study showed that elder age was the main risk factor for lung cancer and the risk was more than 9 times higher in age group of 70-74 years than in the age group of 40-44 years. Besides, being male remains a risk factor for lung cancer in non-smokers in our study, even though more than 50% lung cancers were non-smokers in women in Southeast Asia compared to approximately 2–6% in men in Western series (41, 42, 53). Just like other prediction models, such as Bach model (8), LLP (Liverpool Lung Project) model (10) and PLCOM2012 model (54), education levels was included in our model as a protection factor.

Another important finding was that history of hyperlipidemia [increased total cholesterol (TC), or triglycerides (TG), or low-density lipoprotein cholesterol (LDL-C), or decreased high-density lipoprotein cholesterol (HDL-C)] exposure might decrease the risk of lung cancer, despite a small effect. Since the 1980s, several epidemiological studies have investigated the associations of TC, TG, and HDL-C with lung cancer risk in non-smokers but have shown markedly contrasting results due to differences in the classification of smoking status, lack of prospective cohort study designs, relatively modest sample sizes and other potential bias (55–58). Lyu etc. (58) conducted a prospective cohort study among over 100 thousand Chinese males and found that both low and high TC levels, both low and high TG levels, and low LDL-C levels increased lung cancer risk in non-smokers. Besides, many studies reported an inverse relationship between TC (56, 59), LDL-C (60) and lung cancer incidence, to some extent, consistent with our findings. More epidemiologic, molecular and biochemical studies are needed to test this hypothesis.

In addition to credible predictors, a risk prediction model should also meet performance standards related to discrimination defined as the ability to distinguish lung cancer cases from controls, and calibration defined as the consistency between observed and predicted risk for lung cancer. The rapid increase in the number of lung cancer risk prediction model studies since 2010 reflects the current need for the use of predictive models to guide population splitting. Initially, models focused on the use of traditional epidemiological risk factors such as age, smoking history, personal history of disease and family history of cancer, such as the Bach model (8), Spitz model (9), LLP model (10) and PLCOM2012 model (54). To our knowledge, the present study is one of the few studies to model lung cancer risk prediction among non-smoking men and women in mainland China. It is hard to directly compare the discriminatory performance of risk prediction models as each was developed in different populations with varying baseline risks or lengths of follow-up time. Nevertheless, each of the models’ discriminative ability was relatively similar, with C-statistics ranges from 0.72 to 0.86. Our model showed comparable predictive performance compared with previous studies.

Specific strengths and limitations deserve careful attention when interpreting our results. A major strength of our study is the fact that our analyses were based on a large-scale population-based cancer screening program in mainland of China. Furthermore, the variables included in this model could be easily collected and updated without any imaging, sophisticated testing or calculation. Moreover, the model will not only be used as a practical tool to triage high risk patients in non-smokers, but also have implications for public health measures, such as guidelines for the prevention of lung cancer in non-smokers. However, limitations include that the self-report data might subject to social desirability and recall bias. However, given the good data acquisition and quality control, most information is believed to be reliable. Secondly, the performance of our risk prediction model was not validated on an external dataset. However, the results of the internal validation suggest promisingly that this model will obtain well performance when applied to other populations.



Conclusions

In summary, we developed and internally validated a simple risk prediction model for lung cancer in non-smokers based on a large-scale lung cancer screening program in China. The model has good discrimination and could be used as a tool for triaging high-risk patients to prevent lung cancer in non-smokers. Further prospective studies are required to validate the model in external populations.
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Objective

Lung cancer screening has been widely conducted in Western countries. However, population-based lung cancer screening programs in Hebei in China are sparse. Our study aimed to assess the participation rate and detection rate of positive nodules and lung cancer in Hebei province.



Method

In total, 228 891 eligible participants aged 40–74 years were enrolled in the Cancer Screening Program in Hebei from 2013 to 2019. A total of 54 846 participants were evaluated as the lung cancer high-risk population by a risk score system which basically followed the Harvard Risk Index and was adjusted for the characteristics of the Chinese population. Then this high-risk population was recommended for low-dose computed tomography (LDCT) screening. And all participants attended annual passive follow-up, and the active follow-up interval was based on radiologist’s suggestion. All participants were followed-up until December 31, 2020. The overall, group-specific participation rates were calculated, and its associated factors were analyzed by a multivariable logistic regression model. Participation rates and detection of positive nodules and lung cancer were reported.



Results

The overall participation rate was 52.69%, where 28 899 participants undertook LDCT screening as recommended. The multivariable logistic regression model demonstrated that a high level of education, having disease history, and occupational exposure were found to be associated with the participation in LDCT screening. The median follow-up time was 3.56 person-years. Overall, the positive identification of lung nodules and suspected lung cancer were 12.73% and 1.46% through LDCT screening. After the native and passive follow-up, 257 lung cancer cases were diagnosed by lung cancer screening, and the detection rate of lung cancer was 0.89% in the screening group. And its incidence density was 298.72 per 100,000. Positive lung nodule rate and detection rate were increased with age.



Conclusion

Our study identified personal and epidemiological factors that could affect the participation rate. Our findings could provide the guideline for precise prevention and control of lung cancer in the future.





Keywords: lung cancer, screening, Hebei province, participation rate, detection rate



Introduction

Lung cancer is the second most diagnosed cancer, and it is also the leading cause of cancer death in the world. According to GLOBOCAN 2020, there were approximately 2 206 771 newly diagnosed lung cancer cases and 1 796 144 cancer deaths in 2020, accounting for 11.4% and 18.0% of all new cases from cancer, respectively (1). As reported by the Chinese National Cancer Center (CNCC), with a 36.05/100,000 age-standardized incidence rate and a 28.06/100,000 age-standardized mortality rate, lung cancer was the most common cancer and the leading cause of cancer death in 2016 in China. It also showed an increasing trend in China (2). While the five-year survival rate of lung cancer was only 19.7% (3).

A series of randomized controlled trials, cohort studies, and case-control studies have demonstrated that low-dose computed tomography (LDCT) screening in a high-risk population could reduce mortality due to lung cancer (4–7). By now, lung cancer screening programs have been organized by many countries, such as the national lung cancer screening trial (NLST), National Cancer Institute Prostate, Lung, Colorectal & Ovarian Cancer Screening Trial (PLCO), and others (4, 8, 9). These trails were mainly carried out in Western countries. However, the effectiveness evaluation of lung cancer screening programs in China, in which the lifestyle is different from Western countries, is still rare.

The population-based Cancer Screening Program in Urban China (CanSPUC) was conducted in 2012. It included five type common kinds of cancer: lung cancer, female breast cancer, liver cancer, colorectal cancer, and upper digestive tract cancer (esophagus cancer and gastric cancer). Participants were invited to take a cancer risk assessment using an established clinical cancer risk score system, and those who were evaluated to be at high risk for specific types of cancer were recommended to take the appropriate screening intervention by the study design. Individuals who were found to be at high risk of lung cancer were recommended to undergo LDCT at tertiary-level hospitals.

Combined with follow-up, we aimed to assess the participation rate, screening effectiveness, and results of lung cancer screening in a high-risk population in Hebei province, China. It could provide reliable and effective data support for lung cancer prevention and control.



Materials and Methods


Study Population

The study was conducted in Shijiazhuang and Tangshan City which are located in Hebei province (North China), and screenings took place in six tertiary-level hospitals (the Fourth Hospital of Hebei Medical University, the First Hospital of Hebei Medical University, the first Hospital of Shijiazhuang, Hebei Cheat Hospital, Tangshan People’s Hospital, and Kailuan Hospital). The participants who met the following conditions became the screening objects: (1) the residents of the program’s city; (2) residents’ age is 40-74 years old. The program used a cluster sampling method to select the screening participants. And selecting the screening participants was based on the community. The staff of the community mobilized eligible residents of the area under their jurisdiction to participate in the program. Eligible residents took part in face-to-face interviews in the selected communities. After obtaining signed informed consent, all the eligible participants were interviewed by trained staff to complete an epidemiological questionnaire and to assess their cancer risk using an established risk score system. In this study, to maximize the use of limited health resources and increase the detection rate of lung cancer, participants who were put into the high-risk groups of lung cancer were recommended free LDCT examinations in those tertiary hospitals. The present study was approved by the Ethics Board of the Fourth Hospital of Hebei Medical University. This study followed the Strengthening the Reporting of Observational Studies in Epidemiology (STROBE) reporting guideline. A flow diagram showing the recruitment of the study population is shown in Figure 1.




Figure 1 | The flow chart of lung cancer screening in Hebei province, 2013-2019.





Risk Assessment

The rationale of the cancer risk score system was based on the Harvard Risk Index (10). According to the Chinese characteristics, the risk score system included risk factors, relative risks, and exposure rates of risk factors that were adjusted. Each risk factor was allocated a score by the expert panel based on the magnitude of its association with lung cancer. The cumulative risk scores were calculated and were then divided by the average risk score in the general population to get the final individual relative risks (11). People who smoke more than one cigarette a day for more than 6 months were defined as smokers. Second-hand smoking exposure was identified in participants living with a smoker on a regular basis in the workplace or at home. The database was established by professional trained community doctors with double-entry and high-quality control to ensure consistency. The questionnaires completed every day required a random sample of 2% for re-examination, and the compliance rate of each item after the re-examination could not be less than 90%.



LDCT Scanning

All participants undertaking the LDCT screening used the 64-section CT machine. The parameters were set as follows: (1) Scan parameters: 120 kVp and ≤30 mAs; scanning thickness: 5 mm and scanning spacing: 5 mm; the reconstructed layer thickness was 1.0-1.25 mm continuous (layer interval is 0); (2) the scanning range was from the lung tip to the costophrenic angle (including all lungs); (3) nodule measurement: Using an electronic measuring ruler to measure the maximum of the nodule length and wide diameter; (4) positive nodule: The mean diameter of solid or partly nodular nodules ≥ 5 mm, or non-solid nodules ≥ 8 mm in average diameter, or endobronchial nodules; and (5) suspicious lung cancer: A suspicious lung cancer case was identified when cases were diagnosed as suspected lung cancer or malignant lesions by senior thoracic radiologists.



Follow-Up of Participants

All participants were followed-up by active and passive methods until December 31, 2020. An annual passive and regular active follow-up mechanism for the entire cohort population was established and carried out in our program based on the cancer registration system. Through telephone, home visits, and retrieval of medical record information from medical institutions, positive cases were actively followed-up to obtain the final diagnosis and outcome. For people with positive results, regular active follow-up was conducted by radiologist’s suggestion after the LDCT screening.

For passive follow-up, all participants who completed the questionnaire survey were matched by a personal identification number with the local cancer registration database and the all-cause mortality database in 2013-2020. The information of cancer incidence, subsite, topography, and morphology were obtained from these databases. Newly diagnosed cases of lung cancer were classified by sites according to International Statistical Classification of Diseases and Related Health Problems, Tenth Revision (codes C33 and C34).



Statistical Analysis

The overall and group-specific participation rates by different characteristics were calculated and compared by χ2 test. Categorical variables were presented as numbers and percentages. The relationship of variables with participation rate of lung cancer screening were quantified by a multivariable logistics regression model with odds ratios (ORs) and their 95% confidence intervals (CIs). All statistical analyses were performed using R, version 3.4. Statistical significance was established at P ≤ 0.05 on two-sided probabilities.




Results


Characteristics of the Study Population

In the lung cancer screening program, 228 891 participants were recruited and had completed a risk assessment questionnaire in 2013-2019. There were 54 846 high-risk participants for lung cancer accounting for 23.96% of the total population. More women took part in the screening program, while the high-risk rate in women (43.73%) was less than that in men (56.27%). The majority of participants were between 50 and 64 years old. Most participants had junior school education level or below. In the high-risk population group, half (54.86%) had first degree relatives who had history of lung cancer, and three-quarters were smokers (Table 1).


Table 1 | Characteristics of the study population and participation rates between different groups.





Participation Rate for LDCT Screening

In the 54 846 participants in the lung cancer high-risk population, 28 899 undertook LDCT screening. The total participation rate was 52.69%. The screening program in Shijiazhuang (64.97%) had a higher participation rate than that in Tangshan (48.20%). Although there was a higher high-risk rate in men, the participation rate in men (42.44%) was less than that in women (65.88%). Participants aged 45-49 had the higher participation rate (56.57%), and the participation rates decreased along with the increasing age. It was found that participants with higher educational level, who worked as technical staff, had occupational exposure, never smoked, had second-hand smoke exposure, a history of lung diseases, and family history of lung cancer had relatively higher participant rates (Table 1).

In multivariable analysis, we found that participants who had occupational exposure had 45% higher odds of undertaking screening than other participants (OR: 1.45; 95%CI: 1.39-1.51). Smokers and former smokers were less willing to accept the screening, in which the ORs were 0.87 (95%CI: 0.81-0.92) and 0.83 (95%CI: 0.74-0.93), respectively. After adjusting for year of recruitment, study areas, married condition, Body Mass Index (BMI), drinking consumption, heating methods, and cooking fuels, we found that age, sex, educational level, occupation, occupational exposure, smoke condition, second-hand smoking exposure, history of lung diseases, and family history of lung cancer were associated with participation rate (Table 2).


Table 2 | Factors associated with participation rate in lung cancer screening.





Positive Rates in Study

In the screening program, 3 679 positive nodules and 421 suspected lung cancer cases were detected, yielding rates of 12.73% and 1.46%, respectively. Comparing the results in different genders, the positive nodules rate in men (1757, 13.41%) was higher than that in women (1922, 12.16%). With increasing age, the positive rates gradually increased. The highest positive nodule rate was reached at 70-74 years old in both genders, which was 21.79% in men and 18.35% in women. In the positive nodules rates in ages 40-44 and 65-69, the rates in men were higher than the respective rates in women at the same age range. Along with an increasing age, the suspected lung cancer rates had an increasing trend. At 70-74 years old in both men and women, the rates reached the top which were 5.38% and 3.10%, respectively (Figures 2 and 3).




Figure 2 | Age-specified positive nodules detection rate in Hebei province, 2013-2019.






Figure 3 | Age-specified suspected lung cancer detection rate in Hebei province, 2013-2019.





Detection Rate of Positive Pulmonary Nodules

The characteristics of the nodules are shown in Table 3. The mean diameter of the nodule demonstrated the significant difference in benign nodule and lung cancer groups in which the median sizes were 6.00 mm and 12.25 mm, respectively. The majority of nodules were solid (83.30% in the benign nodule group and 36.63% in the lung cancer group). Non-solid and part-solid nodules accounted for 5.94% and 10.76% in the benign nodule group and 27.91% and 35.47% in the lung cancer group, respectively. A larger number of cancers were observed in the left upper (23.30%) and right upper lobes (38.07%) than in the other lobe (Table 1). In the lung cancer group, the proportion of nodules with stretched pleura and spiculation was higher than those in the benign nodule group.


Table 3 | Distribution of nodule characteristics in lung cancer screening in Hebei province, 2013-2019.





Follow-Up Results

From 2013 to 2020, the median follow-up time was 3.56 years and the total follow-up time was 828 252.5 person-year. By follow-up, 257 lung cancer cases were screened in the screening group, in which the detection rate in the screening group was 0.89% and incidence density was 298.72/100,000. In the screening group, the participants with positive results (positive nodules and suspicious lung cancer) had the higher detection rate of lung cancer than participants with negative results (4.73% vs. 0.31%). In the high risk of lung cancer population, the detection rate of the screening group (0.89%) was significantly higher than those in the non-screening group (0.44%). Figure 4 shows that the detection rates from lung cancer increased with age and those were higher in men than in women. In the screening and non-screening groups, the most common subsite of lung cancer was the upper lobe. And adenocarcinoma was the main histologic type, followed by squamous cell carcinoma and small-cell carcinoma (Table S1).




Figure 4 | Detection rates of lung cancer in different groups, 2013-2019.






Discussion

This study reported the 228 891 participants undertaking LDCT screening among a large-scale population-based screening program. This is the first study in Hebei province in China that combined epidemiological investigation, risk assessment stratification, and LDCT for participants. Although great efforts have been made by previous studies to develop effective screening, the majority of studies aimed to optimization risk scores and few were truly implemented in large-scale lung cancer screening, especially in Hebei province. The overall participation rate was 52.69% in LDCT screening among the lung cancer high-risk population. The detection rate of lung cancer in the screening group was 0.89%. And we found that the population of nodules with a relatively large mean diameter (6.00 mm vs. 12.25 mm in the benign nodule group vs. lung cancer group), non-solid, spiculation, non-calcification, and stretched pleura would more likely to develop into lung cancer. This study could provide a reliable, reasonable, and precise management strategy for lung cancer prevention and control in Hebei.

The overall participation rate was 52.69% in Hebei province. The participation rate of lung cancer screening in the high-risk population varies in different programs. It might relate to the local management and personal factors. Smoking is one of the most important factors for lung cancer and smokers were more likely to develop lung cancer (5, 12). While we found that the participation rates of lung cancer screening in smokers and former smokers were lower than that in non-smokers, in which the adjusted OR was 0.87 (95%CI: 0.81-0.92) and 0.83 (95%CI: 0.74-0.93), respectively. In smokers, the aversion to encountering adverse screening results might prevent test uptake (13–16). We also found that the population with higher educational level, who were technicians or employees, had second-hand smoking exposure, history of respiratory disease and family history of lung cancer had a higher participation rate. Previous studies demonstrate that the level of education was significantly positively correlated with the level of compliance with screening (17, 18). Our study was consistent with that of Henan province where people with undergraduate degrees or more had higher compliance (OR = 1.34, 95%CI: 1.24-1.44). It might be that the participants with a higher level of education, disease history, and occupational exposure have better understanding, self-health awareness, and pay more attention to self-care. In NLST and the European Dutch-Belgian Randomized Lung Cancer Screening Trial (NELSON), the compliance rate of screening reached 90% (4, 19). And some studies showed that the rates of participation were more than 50% (9, 20). While the overall participation rate was 34.86% in LDCT screening in three provinces (Zhejiang province, Anhui province, and Liaoning province) in China (21). And in the same program in Henan province in China, the overall participation rate was 40.16% which was lower than that in our studies. Different regional compliance was not at the same level, and other factors included the publicity and mobilization of the communities and hospitals involved in the program, the organization and mobilization process, and the health awareness of residents. Another survey conducted among family physicians in South Carolina in 2015 showed that most people had a knowledge gap and there were limited referrals of patients eligible for LDCT screening (16, 22). We conducted multiple training sessions for community physicians to educate them on the necessity and importance of lung cancer screening. As community physicians could influence screening uptake, issues related to penetration and educational outreach around LDCT screening to physicians should be examined. These studies confirmed that community physicians can help improve the compliance to a screening program, especially for people with low educational level and high age. Strengthening health education in the community system and improving the awareness rate of residents’ cancer knowledge will have a positive influence on the compliance of lung cancer screening.

In our study, the positive nodule rate was 12.73% in 2013-2019. After active and passive follow-up, the lung cancer detection rate was 0.89% in the screening group. The study of lung cancer screening in 2013-2017 in China showed that the positive rate of nodules detected by LDCT screening in high-risk groups of lung cancer was 11.36% (23). The detection rate of lung positive nodules reported in various provinces in China showed that Zhejiang province was the highest at 21.61%, followed by Beijing with 10.99%, Chongqing City, Yunnan province, Hunan province, and Henan province with 12.91%, 6.90%, 5.92%, and 5.87%, respectively (24–29). The one reason for the different levels in positive nodules rates is the different skill level of diagnosis of cancer in the early stage. During the implementation of the program, our province conducted multiple clinical diagnosis training sessions and unified the diagnostic standards to ensure the homogeneity of the data. Some of our findings with respect to the initial low-dose CT screening are not fully consistent with previous studies. The prevalence of lung cancer (0.89%) was at the middle of the reported range in some prior large studies [NLST, Early Lung Cancer Action Project (ELCAP) (30), International Early Lung Cancer Action Program (I-ELCAP) (31), NELSON (32), Rural China Screening Programme (RuraCSP) (33), Sone (34)[, which ranged from 0.4% to 2.7%. But it was close to the rate of 1.0% in the NELSON trial and 1.1% in NLST. This relatively low rate may be due to some combination of the following factors: participants in the program were healthier than the general population, and were younger in our study than in other studies. For example, our study included participants aged 40-74 and the NLST criteria included 55-74-year-old and heavy smoker participants. The other reason is that the definitions of a high-risk population were different. Following the NLST age entry criteria, the detection rate of our study in ages 55-74 was 1.28%. If the population only includes smokers, the detection rate will increase. It means that the risk assessment system of our study could concentrate on the high-risk lung cancer population and it could increase the screening effects.

Lung nodules can be effectively detected by LDCT. But discrimination between benign and malignant nodules, and which type of nodule had the greater probability of developing lung cancer are the medical concern (7). Among the positive nodules, 4.85% were malignant in our study, and this corresponded with other studies. In the Pan-Canadian Early Detection of Lung Cancer Study (PanCan) and British Columbia Cancer Agency (BCCA), the rates of cancer in nodules in the two datasets were 5.5% and 3.7% (35). We confirmed that the right upper lobes were the most common sub-site in lung cancer; they accounted for 38.07% of all diagnosed lung cancer cases. Among the screen-detected lung cancers, about three-quarters were adenocarcinomas. And the screening methods for small cell lung cancer and squamous cell carcinoma need to be improved. Lung adenocarcinomas are more likely to be located at the periphery of the lung. And the cancer in the lung periphery had a greater probability of being measured than central lung cancer (36). Lung cancer is most likely to occur in the upper lobe. It is a known phenomenon in non–small cell lung cancer cases and can be explained as the maximum airflow when breathing begins, mainly towards the upper right lobe bronchus. So, tobacco smoke and its carcinogenic toxins accumulates the most in the right upper lobe (37–39). Through our study, we confirmed that nodules with the following characteristics should be paid more attention to in future clinical treatment and diagnosis: larger nodule size, location of the nodule in the upper lobe, non-solid and part-solid nodule type, spiculation, non-calcification, and stretched pleura nodules (35). These nodules were more likely to develop into lung cancer.

This study has strength and limitations. The strengths were as follows: this study was population-based, and it involved a large-scale sample size. Detailed epidemiological questionnaire information was collected in a standardized manner by trained study staff to ensure the quality of the data. A sound annual passive and active follow-up mechanism for the entire cohort population was established and carried out in our program based on the cancer registration system. We obtained information regarding each participant’s cancer incidence in the study. This study has the limitation that some variables, such as smoking status and other variables, were self-reported and it might lead to misclassification. Another limitation is that follow-up work for patients diagnosed with lung cancer is still under way, therefore clinical disease information was not fully obtained. And the study population was a pre-selected high-risk population ascertained by the risk assessment system which might not represent the general population of Hebei province, and selection bias cannot be ruled out.

In summary, in this large-scale lung cancer screening in Hebei, we found that some variables, which were age, sex, educational level, job, smoker, secondhand smoking exposure, history of respiratory, and family history of lung cancer contributed to the participation rate. And the detection rate in the screening group was higher than that in other groups. Our finding may provide data support for lung cancer prevention and it is useful for optimizing screening strategies.
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Background

With the popularity of lung cancer screening and advances in imaging technology, more and more synchronous multiple primary lung adenocarcinomas (SMPLA) are being diagnosed clinically, however, the clinical characteristics and prognosis of SMPLA with different EGFR mutations remains unclear. We aimed to explore clinical features and surgical outcomes of these patients to aid in the diagnosis and treatment of SMPLA.



Methods

Medical records of patients with different EGFR mutations who have been diagnosed as SMPLA and underwent surgical resection from March 2015 to December 2019 were retrospectively analyzed. Clinical characteristics, surgical outcomes, recurrence-free survival (RFS) and overall survival (OS) were investigated.



Results

A total of 70 patients (68.6% female and 77.1% non-somkers) were included. Total of 161 lesions in all patients, 84.4% were ground-glass opacity (GGO) lesions. EGFR mutations were detected in 108 lesions, most of which were L858R (35.4%) and 19Del (20.5%). The mutation rate of mixed GGO is significantly higher than that of pure GGO and solid nodules (SN); the mutation rate of invasive adenocarcinoma is significantly higher than that of other histology subtypes; the mutation rate of lesions >20 mm was significantly higher than that of ≤20 mm. However, there is no significant difference in the mutation rate of specific driver gene between different radiological features, pathological characteristics and sizes. After a median follow-up time of 29 months, the 3-year OS and RFS were 94.4% and 86.0%, respectively.



Conclusions

A high discordance of EGFR mutations were identified between tumors in patients with SMPLA. Synchronous multiple lung adenocarcinomas with predominantly multiple GGO should be considered as SMPLA, and surgery may be aggressively performed for these patients due to a good prognosis.
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Introduction

Synchronous multiple primary lung cancer (SMPLC) defined as two or more primary tumors simultaneously identified in ipsilateral or contralateral lung, is a special type of lung cancer. According to previous studies, its incidence varies from 0.2% to 20% (1), of which 40.3%-91.3% (2–4) are multiple primary lung adenocarcinomas. In recent years, the detection rate of SMPLC has shown a steady increase with the popularity of lung cancer screening and advances in imaging technology, especially the widespread use of HRCT and PET-CT (5, 6). Although Surgical resection has become the mainstay of treatment for SMPLC, its 3-year survival rate roughly ranges from 40% to 92% (7). The wide variation in the efficacy of surgical resection is due not only to differences in the timing of treatment, the specific surgical procedures, and demographic characteristics of patients, but more importantly, to the lack of standard criteria for differential diagnosis from intrapulmonary metastasis.

Martini and Melamed’s criteria and ACCP guidelines are most commonly used to distinguish multiple primary lung cancers from intrapulmonary metastases. Because there was no genetic approach to consider in 1975, the Martini-Melamed criteria (8) relied heavily on the clinicopathological features, which can make diagnosis extremely difficult when the tumors are of the similar pathologic type. The ACCP guidelines (9), however, took into account the differences in tumor driver mutation genes, which led to a greater improvement in the diagnosis of multiple primary lung cancers. In addition, the widespread use of next-generation gene sequencing (NGS) in recent years has made the diagnosis of multiple primary lung cancers more accurate (10, 11). More and more SMPLA with different EGFR mutations are being diagnosed clinically, however, the clinical characteristics and prognosis of such patients with surgical treatment remains unknown. Moreover, the reports of such patients are mostly case reports (12–14), and there are few studies with larger samples.

Therefore, in the present study, we focused on the clinical characteristics, surgical outcomes, recurrence-free survival (RFS) and overall survival (OS) of SMPLA with different EGFR mutations to aid in the diagnosis and treatment of these patients.



Materials and Methods


Patients

This study retrospectively analyzed the clinical data of patients with SMPLA who underwent simultaneous surgical resection in the Department of Thoracic Surgery at Wuhan Tongji Hospital from March 2015 to December 2019. The criteria for diagnosis of SMPLA in this study are based on the Martini-Melamed criteria (8) and incorporate elements of the new international multidisciplinary lung adenocarcinoma classification (15): (1) major histologic subtypes of tumors are significantly different; (2) major histologic subtypes are similar, but all tumors have lepidic growth component to a certain proportion, or immunohistological features or genetic profiles of tumors are different. The inclusion criteria were as follows: (1) number of lesions ≥2; (2) all lesions of the patient were tested for EGFR and the mutations were different; (3) postoperative pathology of the patient’s lesions were all lung adenocarcinoma; (4) the patient did not have adjuvant therapy before surgery; (5) cardiopulmonary function was acceptable and patients could tolerate surgery; (6) no previous history of tumors; (7) no distant metastases on preoperative examinations. The exclusion criteria were as follows: (1) incomplete patient data information; (2) the postoperative pathology of the lesion is not lung adenocarcinoma. Flowchart of participant selection was shown in Figure 1. This study was approved by the institutional review board of Tongji Medical College of Huazhong University of Science and Technology and and consent was given by all patients before their clinical records were used.




Figure 1 | Flowchart of participant selection.





Surgical Approach

All patients underwent combined intravenous and inhalation general anesthesia with double-lumen endotracheal intubation to maintain single-lung ventilation. The surgery was performed using a 3cm small single-port approach: a 3cm incision was made between the 5th ribs in the mid-axillary line of the patient’s surgery side to place a thoracoscope, an elbow laparoscopic suction device, electrocoagulation hooks, and a bipartite clamp was placed to hold the lung lobe if necessary. In bilateral surgery, one side of the surgery is completed and the contralateral surgery is performed in the same way. Systemic lymph node dissection was performed if the dominant lesion was diagnosed as invasive tumor by intraoperative rapid frozen pathology. At the end of the operation, pleural drainage tubes were placed in pleural cavity. The patient received a chest radiograph on the second day after surgery, and pleural drainage tubes could be removed if there was no active bleeding or air leakage. Our specific surgical strategy was: (1) for lesions that were all in the same lobe, we performed direct lobectomy; (2) for lesions that are on the same side but not in the same lobe, we performed anatomical lobectomy or segmentectomy for the dominant lesion ≥2 cm, and sublobar resection for the remaining lesions as much as possible; (3) In patients with multiple lesions in both lungs, we give preference to the side with less lung tissue removed to start the procedure, but if the left side is the dominant lesion and lobectomy is required, the surgery should start on the right side. (4) For all peripheral lesions, intraoperative rapid pathology should be performed as much as possible, and the extent of resection should be determined based on the rapid pathology results and imaging of the lesion, but sublobar resection should be performed as much as possible. (5) For GGO lesions, try to adopt sublobar resection as much as possible. In conclusion, we should take into account the characteristics of the tumor, the patient’s physical condition, and the decisions of the physician to try to develop the best individualized treatment plan for each patient. Specific surgical procedures and strategies for selecting the extent of surgical resection are described in our previous study (16, 17).



Tissue Samples and EGFR Mutation Analysis

Genomic DNA was extracted from Formalin-fixed paraffin-embedded (FFPE) samples using QIAamp DNA Tissue Kit (Qiagen, Germany). EGFR mutation was detected using commercially available kits from YZY Medical (Wuhan, China) based on amplification refractory mutation system real-time polymerase chain reaction technology. Twenty-nine kinds of EGFR mutation in exon 18-21 were detected in all lesions of these patients.



Follow-Up

Follow-up was performed by outpatient or telephone follow-up. The follow-up time was calculated from the day after surgery and was followed up until November 2020. In the first year after surgery, chest CT, tumor markers and abdominal ultrasound were reviewed every 3 months; in the second year after surgery, the above indicators were reviewed every 6 months; the above indicators were reviewed annually.



Statistical Analysis

Measured data were expressed as mean ± standard deviation (SD) and differences between groups were analysed by t-tests. Counted data were expressed as number or percent, and differences were analysed using X2 or Fisher’s exact tests. The above data was analyzed using Statistical Product and Service Solutions (version 23; SPSS Inc., Chicago, IL, USA). OS was defined as the time from surgery until death from any cause or last follow-up. Recurrence-free survival (RFS) was defined as the time from surgery until recurrence, death from any cause, or last follow-up. The Kaplan–Meier method was used to analyze OS and RFS by GraphPad Prism software version 7.0. P<0.05 was considered statistically significant.




Results


Clinical Characteristics of Patients and Tumors

Clinical characteristics of patients and tumors are shown in Tables 1, 2 respectively. Based on the inclusion criteria, 70 patients were ultimately included in this study, of whom 48 were female (68.6%). The mean age of patients was 58.6 ± 8.40 years (range, 41-74 years). A total of 16 patients had a history of smoking or were current smokers, and the rest had no history of smoking. Eleven patients had a family history of cancer, mainly lung cancer (7 patients). Twenty-six patients had preoperative co-morbidities, mainly hypertension and diabetes mellitus. Ten patients had a preoperative mild increase in serum CEA. All patients had a good preoperative cardiopulmonary assessment and could tolerate the procedure. Of these patients, 12 had lesions in both lungs, 11 had three lesions, and 5 had no less than four lesions. Sixty-seven patients had GGO lesions, and 3 patients had only solid nodules. The lesions of 47 patients were located in different lobes. A total of 161 lesions with an average diameter of 20.67 ± 11.7 mm; 84.4% were GGO lesions (pGGO, 42.2%; mGGO, 42.2%) and 80.1% of the lesions were ≤20 mm in diameter. Of all lesions, 71.4% were located in the right lung, with the most lesions in RLL (39.8%), the least in RML (11.2%), and the second least in LLL (11.8%). The postoperative pathology of all lesions was dominated by invasive adenocarcinoma (59.6%), followed by in situ adenocarcinoma and microinvasive adenocarcinoma. EGFR mutations were present in 67.1% of the lesions, with L858R (35.4%) and 19Del (20.5%) mutations predominating. Among 70 patients, the highest pathological T stage was mainly pT1 (81.4%) and only seven patient had lymph node metastasis.


Table 1 | Clinical characteristics of patients.




Table 2 | Clinical data of tumors.





Surgical Procedure and Perioperative Results

Twelve and 58 patients respectively underwent bilateral and unilateral surgical resection. The postoperative complications included 3 cases of pulmonary infection, 2 cases of atrial fibrillation, and persistent air leakage for more than 3 days was observed in 4 cases. After treatment, they were all discharged smoothly. No severe perioperative complications or deaths occurred. The average operation time was 205.88 ± 61.94 minutes, the average intraoperative blood loss was 273.83 ± 238.60 ml, the mean postoperative daily drainage of chest tube was 163.52 ± 29.46 ml, the mean postoperative chest tube duration was 6.76 ± 3.43 days, and the average postoperative hospital stay 8.43 ± 3.56 days. Details of surgical procedure are described in Table 3.


Table 3 | Surgical procedure and perioperative results of patients.





Detail of EGFR Mutation in 161 Tumors of 70 Patients

EGFR detection of all lesions revealed that 108 lesions had mutations, mainly L858R and 19DEL, and their mutation rates were 35.4% and 20.5%, respectively. Among the different radiologic features, the mutation rate of mGGO was significantly higher than that of pGGO and SN (P<0.001); among the different histology features, the mutation rate of invasive adenocarcinoma was significantly higher than that of other histology subtypes (P<0.001); among the different size, the mutation rate for lesions >20 mm was significantly higher than that of lesions ≤20 mm (P<0.001). However, the mutation rate of specific types were not significantly different among radiologic features, pathology types, or sizes (P>0.05). The results of EGFR mutation are presented in Table 4.


Table 4 | Distribution of EGFR mutations in 161 tumors of 70 patients.





Postoperative Treatment and Follow-Up of Patients

Eight patients received adjuvant therapy after surgery, of which seven patients received targeted therapy due to the presence of lymph node metastases, and one patient received chemotherapy because the lesions invaded the pleura and were larger than 4 cm. As of November 30, 2020, the average follow-up time was 30.6 ± 13.5 months. Except for three patients with recurrent metastases, one of whom died due to extensive postoperative pleural metastases, the rest of the patients did not develop new lesions or metastases, and all of them are alive. The 3-year OS and RFS in all patients were 94.4% and 86.0%, respectively (Figure 2).




Figure 2 | Recurrence free survival and overall survival of all patients.






Discussion

Lung cancer has been a leading cause of cancer-related death worldwide for decades, with adenocarcinoma representing the most prevalent subtype (18). In recent years, with the popularity of low-dose spiral CT screening, more and more SMPLC are being diagnosed. At the same time, research on the diagnosis and treatment of multiple primary lung cancers has increased significantly. It is difficult to distinguish multiple primary lung cancers from intrapulmonary metastases, but the treatment options and prognosis of multiple primary lung cancers are completely different compared with intrapulmonary metastases, so the evaluation of diagnosis, treatment, and prognosis of multiple primary lung cancers is particularly important. Unlike previous studies, in this study, we retrospectively examined the clinical characteristics, surgical treatment, and long-term prognosis of all patients with postoperative lesions diagnosed as multiple primary lung adenocarcinoma by EGFR testing. We found a high heterogeneity of EGFR driver genes between tumors in patients with multiple primary lung adenocarcinoma, suggesting the importance of EGFR testing in the diagnosis of such patients.

In the present study, we classified lesions by their radiology, pathology type, and diameter size of the lesions, and then compared EGFR mutations in lesions in different categories. We found that the mutation rate of mixed GGO is significantly higher than that of pure GGO and solid nodules (SN); the mutation rate of invasive adenocarcinoma is significantly higher than that of other histology subtypes (AIS as well as MIA). These results are in general agreement with the findings of Liu et al. (19). The result also concurred with the hypothesis for the progression of lung adenocarcinoma that EGFR-mutated AAH follows a linear progression schema, whereby AAH progresses to AIS and is followed by MIA (20, 21). Sun and colleagues (22) found that diameter size of GGO lesion correlated with EGFR mutation rates, with lesions ≥20 mm in diameter being more likely to be mutated than lesions <20 mm in diameter, which is similar to the results of our study.

For multiple primary lung adenocarcinoma, we should routinely test for EGFR mutations in all lesions. Although multiple lung cancers with predominantly multiple GGO lesions or containing GGO lesions should be considered more often as multiple primary lung cancers, one study found the presence of similar somatic mutations by exon sequencing in multiple GGO lesions in two patients with multiple lung adenocarcinomas, including two pure GGO lesions in one patient (23). The result suggests that intrapulmonary metastases can occur in patients with multiple GGO lesions. In the current study, all but three patients had solid lesions, and the rest contained at least one GGO lesion, yet postoperative pathology showed lymph node metastases in seven patients, all of whom should be considered to have multiple intrapulmonary metastases according to previous Martini-Melamed criterion (8). Ye and colleagues (24) reported a case of a patient with multiple primary lung adenocarcinoma in whom two tumors, one with EGFR mutation and one with KRAS mutation, were identified by genetic testing, and the lesion with the KRAS mutation was resected and followed by gefitinib-targeted therapy, after which the remaining lesion disappeared. Therefore, we believe that EGFR mutation can be a good supplement to histological, imaging and morphological evidence of tumor, so as to better distinguish multiple primary lesions from metastatic lesions and provide patients with a more accurate staging. In this study, analysis of EGFR testing results for all lesions revealed the presence of EGFR mutations in 108 lesions (67.1%), including 35.4% and 20.5% for L858R and 19DEL, respectively. This may be related to the fact that the patients in this study were non-smokers (77.1%) and the majority of female patients (68.6%).

Surgery remains the most effective treatment option for multiple primary lung cancers, but the specific surgical method is still controversial. Several studies (7, 25–27) have shown that for multiple primary lung adenocarcinoma, lobectomy should be performed as far as possible for the primary lesion, while sublobar resection (segmentectomy or wedge resection) can be performed flexibly for the secondary lesion, especially for patients with multiple bilateral lung lesions, which ensures adequate distance between the tumor margins and maximizes preservation of more lung function. Nakata and colleagues reported (25) that 26 patients with SMPLA, only 5 patients underwent lobectomy alone, and the 3-year OS and DFS were 92.9% and 77.9%, respectively. Ishikawa and colleagues also found (7) that 93 patients with SMPLA, sublobar resection was used during surgery in 58% of patients, and the 3-year OS and RFS were 93.6% and 87% respectively. In the current study, since most of lesions were distributed in different lobes, we tried to adopt a combined sublobar resection approach during surgery, and the OS and RFS at 3 years reached 94.4% and 86%, respectively, which was comparable to the results of the above study.

There are several limitations to our study. First, it is a retrospective study and selection bias cannot be avoided. Second, it is a single-center study with a small sample size, which needs to be further confirmed by multicenter study with larger sample size. However, our study is currently the largest cohort of SMPLA with different EGFR mutations. Third, we did not test other tumor’s driver genes, such as KRAS, ALK, ROS1, and BRAF. A whole genome sequencing would be more accurate to identify the source of multiple tumors. Finally, the follow-up time is not long enough to appropriately assess long-term survival. In future studies, we will provide longer-term follow-up data.

In summary, a high discordance of EGFR mutations were identified between tumors in patients with SMPLA, so the detection of EGFR mutation may be used routinely to prevents unnecessary adjuvant treatment for patients with histologically similar synchronous primary lung cancers. Synchronous multiple lung adenocarcinomas with predominantly multiple GGO should be considered as SMPLA, and surgery may be aggressively performed for these patients due to a good prognosis.
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Objectives

EGFR testing is a mandatory step before targeted therapy for non-small cell lung cancer patients. Combining some quantifiable features to establish a predictive model of EGFR expression status, break the limitations of tissue biopsy.



Materials and Methods

We retrospectively analyzed 1074 patients of non-small cell lung cancer with complete reports of EGFR gene testing. Then manually segmented VOI, captured the clinicopathological features, analyzed traditional radiology features, and extracted radiomic, and deep learning features. The cases were randomly divided into training and test set. We carried out feature screening; then applied the light GBM algorithm, Resnet-101 algorithm, logistic regression to develop sole models, and fused models to predict EGFR mutation conditions. The efficiency of models was evaluated by ROC and PRC curves.



Results

We successfully established Modelclinical, Modelradiomic, ModelCNN (based on clinical-radiology, radiomic and deep learning features respectively), Modelradiomic+clinical (combining clinical-radiology and radiomic features), and ModelCNN+radiomic+clinical (combining clinical-radiology, radiomic, and deep learning features). Among the prediction models, ModelCNN+radiomic+clinical showed the highest performance, followed by ModelCNN, and then Modelradiomic+clinical. All three models were able to accurately predict EGFR mutation with AUC values of 0.751, 0.738, and 0.684, respectively. There was no significant difference in the AUC values between ModelCNN+radiomic+clinical and ModelCNN. Further analysis showed that ModelCNN+radiomic+clinical effectively improved the efficacy of Modelradiomic+clinical and showed better efficacy than ModelCNN. The inclusion of clinical-radiology features did not effectively improve the efficacy of Modelradiomic.



Conclusions

Either deep learning or radiomic signature-based models can provide a fairly accurate non-invasive prediction of EGFR expression status. The model combined both features effectively enhanced the performance of radiomic models and provided marginal enhancement to deep learning models. Collectively, fusion models offer a novel and more reliable way of providing the efficacy of currently developed prediction models, and have far-reaching potential for the optimization of noninvasive EGFR mutation status prediction methods.





Keywords: NSCLC, EGFR, tomography, radiogenomics, deep learning, machine learning



Introduction

Lung cancer is the leading cause of cancer-related deaths, with incidence and mortality rates of approximately 11.4% and 18%, respectively, and is the second-highest incidence rate in the world (1). Non-small cell lung cancer is the main pathological form and accounts for approximately 80-90% of all lung cancers (2). Targeted therapy has become one of the first-line standard treatments for non-small cell lung cancer patients; because this form of treatment can effectively improve their prognosis, prolong the PFS and OS, compared with traditional means of treatment, like chemotherapy (3–6). In patients with non-small cell lung cancer, EGFR is responsible for approximately 10-20% of all and is the most predominant driver mutations target for targeted therapy (7). As a consequence, EGFR-TKI therapy plays a pivotal role in the targeted therapy of patients with non-small cell lung cancer.

Prior to EGFR-TKI treatment, it is essential to perform EGFR genetic testing to clarify the presence of EGFR mutations. There are several methods that can be used to detect EGFR mutations, including tissue biopsy, liquid biopsy, and radiogenomics.

Histopathological biopsy has been the gold standard in terms of high sensitivity and specificity in clinical disease and genetic diagnosis. However, it still has the following restrictions: 1. High sample size threshold, requiring at least 20% of tumor cells in the sample to be detectable (8). 2. As the tumor genotype itself possesses heterogeneity (9–11), while part of the samples are taken from puncture biopsies, so there is a risk of sampling bias, which means that the gene mutation status detection result may not correspond to the authentic condition and is not representative of the whole gene expression profile of the cancer spot. 3. Because of heterogeneity of neoplastic cell genetic status, disease progression or drug resistance commonly occurs in terminal period of the disease, so that re-biopsy is necessitated to evaluate the disease and clarify if a drug resistant mutation such as T790M (12) has evolved to instruct subsequent treatment, yet the biopsy is an invasive operation with complications including pneumothorax and bleeding, and often not feasible due to the patient’s physiological issues in terminal course of the disease, thus blocking the personalized health maintenance strategy. 4. More expensive, with higher standards of material storage and instrumentation, which is not conducive to applying and promoting in certain impoverished and remote areas.

Liquid biopsy refers to the extraction of tumor gene-carrying agents from body fluids, such as Circulating tumor-derived DNA, cell-free DNA, etc., for detecting the relevant genetic alterations, and it has the merits of real-time detection and minor invasion, however, due to the existence of tumor spatial heterogeneity, it may not be capable of accurate localization or representing the true mutation level in the whole tumor; besides, in the early stage, there are often no circulating tumor cells in body fluids, and their concentration is susceptible to influence, resulting in an insufficient sample size. Presently, cell-free DNA is the only liquid biopsy marker recommended for insufficient volume of pathology biopsies or to monitor the presence of EGFR T790M mutations with disease progression or drug resistance (13, 14). Moreover, a recent study (15) indicates that the sensitivity and specificity of this technique are poor and that the practical use of this method remains controversial.

Hence enabling a holistic and comprehensive analysis of the lesion by surmounting the obstacle posed by genetic heterogeneity is now a much desirable claim.

Regarding the aforementioned downsides of tissue biopsy pathology and liquid biopsy, researchers have exploited the advancing artificial intelligence to provide a technology with promising clinical applicability - radiogenomics (16–19). It is a group of imaging biomarkers that can offset the constraints of tissue biopsies and liquid biopsies by effectively and non-invasively projecting the mutational status of genes such as EGFR and ALK via artificial intelligence methodology, enabling high-throughput molecular biological information, as tumor heterogeneity and genotype, which is not visible to the naked eye, and converting them into digital signals (deep learning features or radiomics features), quantifying and characterizing them to facilitate disease diagnosis as well as monitoring and guiding targeted therapy decision-making. Several researchers have reported that radiogenomics represents a promising application for EGFR gene detection. Both deep learning models (20, 21) and radiomic models (22–24) have been shown to be more precise in predicting the mutational status of EGFR. However, most studies have applied deep learning and radiomic features in an independent manner; far fewer studies have attempted to combine these two features. A previous study reported the successful creation of an EGFR mutation prediction model based on the fusion of these two features (25). However, this study only included patients with solid lung adenocarcinoma. Furthermore, some of the images used were thick; this may have led to the loss of valuable features. Moreover, the EGFR mutation sites described in this previous study only contained exons 19 and 21. This is a concern because the ground-glass component within a cancer site maybe can provide more heterogeneous information than the solid component (26).

In the present study, we aimed to investigate and validate whether a prediction model incorporating deep learning features and radiomic features can improve the performance of the current mainstream models for the non-invasive prediction of EGFR mutations. To expand the application of radiomic features and deep learning features for non-invasive gene detection, we recruited a large number of patients with ground glass non-small cell lung cancers and used thin-layer images to avoid or minimize the loss of effective features.



Materials and Methods

Figure 1 shows a schematic for how the models were constructed.




Figure 1 | Schematic for the models’ construction. CT, Computed Tomography; VOI, Volume Region of Interest; Light GBM, Light Gradient Boosting Machine; Res-Net, Residual Network; Modelclinical incorporated clinical-radiology features, Modelradiomic incorporated radiomic features, Modelradiomic+clinical combined clinical-radiology and radiomic features, ModelCNN incorporated deep learning features, and ModelCNN+radiomic+clinical combined clinical-radiology, radiomic, and deep learning features.




Population and Clinicopathological Data

Before initiating the research, we derived the AUC value of the radiogenomic model from that of several previous studies, which was about 0.70-0.95, and made a sample size estimation based on this data, which resulted in a predicted maximum number of 104 people needed. Later, after reminded by deep learning experts, and given the demand for large data samples for deep learning, it was decided to extend the sample on the pre-estimated sample size. We ultimately retrospectively recruited patients with pathologically confirmed primary non-small cell lung cancer between 4th June 2019 and 21st January 2021 at the Huadong Hospital, Fudan University, Shanghai, China. All patients were screened according to strict inclusion and exclusion criteria; this process led to the inclusion of 1074 eligible patients. The inclusion criteria were as follows: (1) detailed EGFR gene test reports were available, (2) the interval between chest CT examination and surgery was within 1 month, and (3) pathological samples were obtained from surgically resected specimens. The exclusion criteria were as follows: (1) image layer thickness greater than 1.5 mm, (2) images with severe motion artifacts or conditions such as pleural effusion or obstructive pneumonia that may affect detailed observation, (3) preoperative history of tumors or a history of lung surgery, and (4) an inability to convert image format or extract features for unknown reasons. For each patient, we collated a complete range of clinicopathological data, including age, gender, smoking history, invasive degree, and EGFR mutation status. The basic principle of the training/test split is to maintain a general fraction of positive samples in each subset. We used the train_ test_ split function in Scitkit-learn 0.24.2 to perform a random selection of training/test data while maintaining roughly the same proportion of positives/negatives in both subsets, and to guarantee reproducibility, we kept the seed of the random number generator fixed at 42, which is a prevalent alternative among deep learning researchers. All cases were randomly divided into a training set (770 cases) and a test set (304 cases).



CT Instrument and Parameters

All patients were scanned with a GE Discovery CT750HD or LightSpeed VCT or Somatom Sensation 16 CT system, operating with the following parameters: tube voltage: 120 kV; tube current: 200 mA; reconstruction algorithm: STND/medium sharp; and layer thickness: 1.00/1.25/1.5 mm. Three apparatus distribution for Discovery: VCT: Somatom (training set-340:184:246; test set-135:83:86) The scan phase was set to the deep inspiratory phase and the patient was scanned in the supine position. Images were acquired in the DICOM format. Further details of the parameters used for CT are shown in Supplementary Table 1.



Histopathology and the Diagnosis of EGFR Status

The histopathological type of non-small cell lung cancer was identified by our diagnostic pathologists for secondary diagnosis using the 2011 international and multidisciplinary classification guidelines proposed by the International Association for the Study of Lung Cancer/American Thoracic Society/European Respiratory Society (27) and the World Health Organization (WHO) 2015 guidelines for lung cancer classification (28). The mutation status of EGFR exons 18, 19, 20 and 21 (which are associated with drug targets) was detected using a real-time fluorescent PCR-based amplification refractory mutation system and a human EGFR gene mutation real-time reverse transcription-polymerase chain reaction diagnostic kit (AmoyDx, Xiamen, China).



VOI Segmentation and Radiology Features

First, the pixels in the raw DICOM images were uniformly transformed to a layer thickness of 1 mm. Then, the VOI of the cancer was manually segmented by a junior diagnostician (Reader 1) using the open-source software 3D-slicer (https://www.slicer.org/) ensuring that large blood vessels and fibrous connective tissue was avoided during contouring. A secondary manual correction was performed by a senior physician (Reader 2). Another senior diagnostician (Reader 3) analyzed and recorded the CT radiology features of the tumor while remaining blinded to the EGFR mutation status and pathological subtypes. Reader 3 recorded a range of data, including location, cancer density, border, vacuole sign, air bronchogram sign, spiculation sign, lobulation sign, halo sign, vascular alteration, pleural indentation, and umbilicated indentation. In case of disagreement, a second evaluation was performed by another senior diagnostician (Reader 4); the results were recorded after discussion and agreement. All images were observed with a window position of -500 HU and a window width of 1500 HU. In the following features description, for the sake of brevity, we merge the radiology features with the clinical features, and use the description of the clinical features uniformly.



Analysis of Radiomic Features

The outlined VOIs were placed into Pyradiomics (29) (version 3.0 software) to extract radiomic features. Pyradiomics is an open-source python package for extracting radiomic features from medical imaging.



Reproducibility Analysis

To assess the reproducibility and stability of the radiomic features, 60 patients were randomly selected by the diagnostician (Reader 1) for secondary manual segmentation of the tumor VOI after one month. The radiomic features were extracted and subjected to ICC analysis; features with an ICC index≥0.95 were selected for subsequent model construction.



Clinical and Radiomic Models

To further identify redundant features and improve the performance of the radiomic model, we re-screened the initial radiomic features by considering mutual information between each feature and the mutation status of the EGFR gene. The mutual information between two random variables is a non-negative value that measures the dependence between the two variables (30). This function relies on a non-parametric approach based on entropy estimation from K-nearest neighbor distances and can be used for the univariate selection of features. Ultimately, we filtered the top 10% of features with the highest mutual information in the training set to develop the model. Then, we retained the same 10% of features in the test set to evaluate model performance. Based on the screened radiomic features and clinical features, we established Modelradiomic and a fusion model (Modelradiomic+clinical) using the Light GBM algorithm (31). To avoid overfitting, during model construction, we adjusted several hyperparameters, including learning rate, data down-sampling ratio, feature down-sampling ratio, and L1/L2 regularization strength. The learning rate was tuned before the steady convergence of the training and validation losses of the model was observed. Intensity of overfitting prevention enhances when we decrease the data down-sampling rate, feature down-sampling rate, or augment the L1/L2 regularization strength.



Deep Learning Model

Both the original CT images and the mask of the VOI were resampled to a space-occupying 1 mm × 1 mm × 1 mm. Next, we counted the spanning distribution of the cancer in three dimensions, and selected 64 mm × 64 mm × 64 mm as the input size for deep learning to ensure that the cropped input size could cover the extent of all lung nodules. The HU values of this patch were processed using the clip of the lung window [(-1000, 400)] and subjected to the minimum-maximum normalization process. Next, the resultant data were imported into the Ampyx 3D ResNet101 network to facilitate the creation of ModelCNN, a model that featured only deep learning features. 3D ResNet101 (32) is a well-characterized and broad applicable neural network in the field of deep learning, and remains considered as a strong comparative baseline in computational vision research. Compared to its successor, its network is relatively simplistic, which further alleviates overfitting and thus enables a more robust model ultimately. The model was optimized with AdamW (33) with a maximum learning rate of 0.001. We also used a cosine annealing schedule (34) to gradually reduce the model to 10-6 within 500 epochs. To further suppress overfitting and enhance the robustness of the model, we performed data augmentation using random rotation, random flip, and mix-up (35) with an α of 0.2. Since the objective of this study was not to innovate new neural network structures, the hyperparameters of this ResNet101 model were adjusted following the configuration given in the Torch Vision Python package.



Fusion of Clinical-Radiomic-Deep Learning Features Model

Since the deep learning features and clinical/radiomic features are totally different in terms of both data distribution and expressed meaning, and the number of filtered clinical/radiomic features is larger than that of deep learning features, the weight of clinical/radiomic features tends to be greater if the features are simply combined, and the model performance is poor. Therefore, we finally opted to model the prediction probability of ModelCNN and that of Modelradiomic+clinical, and constructed a metamodel ModelCNN+radiomic+clinical using logistic regression. Essentially, we perform 5-fold cross-validation on the ModelCNN and the Modelradiomic+clinical respectively in the training set, and build a logistic regression ModelCNN+radiomic+clinical by weighting the probabilities calculated from the two models.



Model Evaluation

Next, the ROC curve, AUC value, and PRC curve were used to evaluate the predictive performance of each model. To verify whether the fusion model performs better than the sole model and whether the improvement in model performance is statistically significant, the De-long test is applied to compare the performance variation of each model.



Statistical Analysis

This research was carried out with Python (version 3.8.10). Modeling of radiomics features, clinical features, and the concatenation of both was done using Light GBM (version3.2.1). CNN experiments were conducted using PyTorch (version1.8.1). The logistic regression model fusing clinical, radiomic, and deep learning features were provided by Scitkit-Learn (version0.24.2.). DeLong tests were done in MedCalc (version20.0009). The sample size was calculated in PASS 15 (Power: 0.90; Alpha: 0.05; AUC1:0.7; Two-Sided).Univariate analysis and multivariate logistic analysis using SPSS (version23.0). The normality distribution of the continuous variables was verified with the Kolmogorov-Smirnov test(P<0.001). Continuous variables were analyzed using Mann-Whitney U test. Categorical variables were analyzed using chi-square tests or Fisher’s exact test. p-values less than 0.05 were considered statistically significant.




Results

A total of 1074 eligible non-small cell lung cancer cases were enrolled in this study, including 527 wild-type EGFR cases and 547 EGFR mutant cases; there were 443 males and 631 females. Analysis of between-group discrepancy showed that there was no significant difference in the clinical-radiology characteristics when compared between the training and test sets, as detailed in Supplementary Table 2. The distribution of the clinical-radiology characteristics of EGFR mutant-type and wild-type cases within the training set is shown in Table 1. Screening of the training set revealed that six items (gender, age, invasive degree, cancer density, vacuole sign, and smoking history) were all independent predictors for EGFR mutation. Detailed statistics of clinical characteristics are shown in Table 2. In contrast, location, border, air bronchogram sign, spiculation sign, lobulation sign, halo sign, vascular alteration, pleural indentation, and umbilicated indentation, could not specifically identify EGFR mutation. For each case, 1218 radiomic features were extracted from the VOI; ICC analysis yielded a mean correlation coefficient of 0.96 ± 0.07. Subsequently, 243 radiomic features with coefficients <0.95 were excluded, and the top 10% of the radiomic features with the highest mutual information were identified, and used to build the model. Finally, six clinical features and 108 radiomic features were used to build the predictive models. The top 20 radiomic features selected are shown in Supplementary Table 3.


Table 1 | The distribution of clinical-radiology features for EGFR mutant and wild type cases in the training set.




Table 2 | | Statistical analysis outcome of clinical-radiology characteristics.



Next, we successfully built five prediction models: ModelCNN+radiomic+clinical, ModelCNN, Modelradiomic+clinical, Modelradiomic, and Modelclinical. The performance of each model was verified in the test set, as shown in Figure 2. In the test set, the most effective prediction model, as based on the ROC curve, was ModelCNN+radiomic+clinical with an AUC of 0.751; this was followed by ModelCNN, Modelradiomic+clinical, and finally Modelclinical. Our analysis showed that deep learning models and radiomic models both can predict EGFR mutations with the best levels of accuracy. ModelCNN+radiomic+clinical, which featured both deep learning and radiomic features, showed more effective improvement than the mainstream radiomic models (Modelradiomic+clinical and Modelradiomic), with p-values of 0.0067 and 0.0063, respectively. Although the Delong Test revealed that the difference in efficacy between the two models was not statistically significant, detailed analysis of the ROC and PRC curves showed that the fusion model (ModelCNN+radiomic+clinical) was slightly more effective than the deep learning model (ModelCNN). The Delong Test also showed that the difference in efficacy between Modelradiomic+clinical and Modelradiomic was also not statistically significant, and that the addition of clinical information did not enhance the efficacy of Modelradiomic (p = 0.876).




Figure 2 | Performance evaluation of the models in the test set. (A) Receiver Operating Characteristic curve; (B) Precision-Recall curve. ‘CNN+Clinical+Radiomic’ refers to ModelCNN+radiomic+clinical, ‘Clinical+Radiomic’ refers to Modelradiomic+clinical, ‘Radiomic’ refers to Modelradiomic, ‘Clinical’ refers to Modelclinical, and ‘CNN’ refers to ModelCNN.





Discussion

In this study, we developed a fusion model for predicting EGFR mutation levels in 1074 patients with non-small cell lung cancer by analyzing the clinical, radiology, radiomic, and deep learning features. The value of the combined model (ModelCNN+radiomic+clinical) was more efficient than models based on radiomic or deep learning features alone, particularly those based on radiomic features. The general objectives of this study were to investigate the feasibility of improving the efficacy of prevalent models to date (predictive models based on radiomic or deep learning features alone) and to provide a new approach for constructing models for non-invasive detection of EGFR mutations, a and there may be a promise for future extensions to develop models for predicting other genotypes or other tasks.

Tumor heterogeneity (36–38) is the leading driver of drug resistance and disease progression in the post-EGFR-TKI treatment course, and the underlying factor that liquid biopsy and puncture pathology may not reflect the overall truly mutated status of the lesion in the process of disease genetic identification, therapeutic efficacy monitoring and follow-up.

However, Radiogenomics can effectively discern the heterogeneous patterns within tumors through artificial intelligence and mathematical statistics, bridging the limitations of pathological biopsies and liquid biopsies and assisting clinicians in conducting more precise clinical decisions. For remote and impoverished area and countries, this is an inexpensive, low-cost and efficient genetic diagnostic weapon if the radiogenomic model can be brought to clinical practice successfully by future.

The results of this study confirmed the reliability of radiomic and deep learning models for the non-invasive prediction of EGFR mutation status in lung adenocarcinoma with a high degree of accuracy. In lung adenocarcinoma patients, two previous studies (39, 40)combined both radiomic and clinical features to successfully build a radiomic-clinical model that could efficiently identify EGFR mutant phenotypes from wild types with good AUCs of 0.779 and 0.823. However, two other studies (41, 42) also successfully built a combined radiomic-clinical prediction model but also found that a deep learning feature-based model could also predict EGFR gene mutation status in patients with lung adenocarcinoma in a more accurate manner, achieving AUCs of 0.810 and 0.758. These previous findings are consistent with the results of our current study. However, our present differs from these previous studies in that they predominantly applied radiomic and deep learning features separately to build radiomic-clinical models or deep learning models. In this study, we innovatively developed a fusion prediction model to diagnose EGFR mutations in patients with non-small cell lung cancer by fusing the most widely accepted clinicopathological, radiology, and radiomic features with deep learning features. A previous study published findings for a fusion model that were similar to our present results; the efficacy of this previous fusion model was also more efficient than the radiomic model (AUC: 0.831 vs 0.758) (25). Comparing to this study, which enrolled only solid lung adenocarcinoma cases, had incomplete coverage of the mutant site, and used thick layers of images, our study also included a significant number of ground glass type non-small cell lung cancer cases and new radiology features. All of the images used in the present study had a layer thickness of <1.5 mm, thus making our models more realistic to the actual clinical scenario, thus providing more applicable data that could support the wider use of these models clinically.

Our current findings confirm the concept of fusing multiple features to build prediction models to enhance the efficacy of individual models. We prove that this strategy is feasible and may be applied to the prediction of other genetic targets in the future, and even to other fields, including the identification of benign and malignant nodes, prediction of the degree of infiltration, as well as the prognosis of survival analysis.

Both Clinicopathology features that gender and smoking history, degree of invasion, and morphology features like cancer density and the vacuole sign, were independent predictors for the EGFR mutant phenotype. The present study reconfirmed that EGFR mutant phenotype is more prevalent in women and non-smoking patients (43–45). In addition, the tumor invasion degree and density are highly associated with the EGFR mutation status. The higher the degree of tumor infiltration and density, the more likely the mutation of EGFR will occur. A greater degree of invasion indicates more heterogeneous cells, faster gene duplication and an increased mutation frequency. This is in line with prior research (46) study 1 where the mutation frequency of EGFR was observed to be much larger and more distinct in IAC, than in MIA, AIS, and AAH. Compared to pure ground glass nodules, mixed ground glass nodules and solid nodules with greater density had significantly better EGFR mutation rates, which also is aligned with previous studies (46, 47) posting that the solid component is remarkably sensitive for diagnosing invasiveness and has a superior EGFR mutation profile. Both vacuole sign and age were correlated with EGFR mutation condition, yet unfortunately, this discovery was not in accordance with the results of earlier studies (48–50), probably because our research center specializes in geriatrics, so the population enrolled is mostly elderly, so there might be a sample error, while the studies correlating vacuole sign and EGFR are fewer, both of which have to be further verified by subsequent research.

Two previous studies incorporated two EGFR-related predictors, gender and smoking history, into the construction of a fused clinical-radiomic model; however, the efficacy of the final separate radiomic model was not improved (51, 52). We also found that several radiology features were not significantly correlated with EGFR mutations, including air bronchogram sign, spiculation sign, and lobulation sign. The involvement of relevant features in model construction did not effectively augment the efficacy of the radiomic model. These highly subjective and time-consuming features should be considered carefully in future studies; deletion of these features may help to streamline the development procedures of radiogenomic predictive models.

Some limitations need to be considered. First, this was a retrospective study. Firstly, EGFR frequently merges with tumor suppressor genes mutations (53), like TP53 (incidence >5%), but in the clinical setting, tumor suppressor genes testing is not routinely conducted, thus the genetic data in this study only contains EGFR synapses, and there is no investigation yet to elucidate whether the effect of the remaining co-alteration mutations upon the radiogenomic model, so more information should be collected on combined mutations for rigorous prospective trials in the future. Second, EGFR mutation prevalence is varying across ethnics, such that it is generally of a higher rate for the Asian population than that of the American and European ones (54), hence the model may be more generalizable to Asia; also, there are large regional diversity in lifestyle practices, which may sometimes change the structuring composition of the model, such as clinical features smoking history. This is why in coming future, multi-center, multi-ethnic studies are expected to validate the robustness and generalization power of radiogenomics models. And lastly: in this study, a time-consuming manual segmentation pattern was implemented; the future semi-automatic or fully automatic segmentation mode with deep learning algorithms should be applied to streamline the whole process.



Conclusion

Both radiomic models and deep learning models can predict EGFR gene mutation status relatively efficiently and non-invasively. By integrating radiomics and deep learning features, it is possible to build prediction models that can significantly upgrade the performance of the basic radiomic models and help to improve the performance of deep learning models. Models featuring deep learning techniques have the potential for broader application in the non-invasive diagnosis of lung cancer genes mutation.
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Background

Primary pulmonary lymphoma (PPL) is a rare clonal lymphoproliferative lung disease. The present study analyzes the clinical features, imaging data, pathologic characteristics, treatment, and prognosis of PPL patients, with the aim to discuss the appropriate diagnosis and therapy of PPL patients in thoracic surgery.



Methods

We performed a retrospective analysis on 36 patients with PPL confirmed by postoperative pathology between 2006 and 2020. We divided the patients into low-stage (IE) and high-stage (IIE) groups using modified Ann Arbor staging. The clinical manifestations, imaging findings, treatment modalities, and outcomes were evaluated.



Results

The female to male ratio was 1.57:1 and the median age was 55 (31–69) years old. The majority of the patients had stage IE disease (75%; 27 of 36) and 9 patients had stage IIE disease. Patients with advancing stage were more likely to have respiratory symptoms. The imaging findings presented solid nodule or mass, pneumonia-like consolidative pattern, ground-glass opacity, and mixed pattern. There were 31 cases of mucosa-associated lymphoid tissue lymphoma (MALT), 2 diffuse large B-cell lymphoma (DLBCL), 2 nodular sclerosing Hodgkin’s lymphoma, and 1 marginal zone B-cell lymphoma. Two patients were diagnosed with PPL and non-small cell lung cancer (NSCLC) synchronously (one AIS and MIS and one lung adenocarcinoma). All the patients received surgery. Nine patients received adjuvant therapy after surgery (five radiotherapy, two chemotherapy, and two chemoradiotherapy). Thirty-four patients had a median follow-up time of 31 months (follow-up range: 7–152 months). Of the 34 patients, 1 patient died of liver metastases and 1 patient died of intestinal metastases.



Conclusions

Our retrospective analysis suggested that most PPLs were indolent and had favorable prognosis, but the discrimination of PPL with other lung diseases was difficult. Preoperative biopsy and intraoperative frozen section examination might help in the surgical choice. Limited lung resection was enough for peripherally localized PPL.
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Background

Lung cancer is the most frequent cancer and the leading cause of cancer death in the world (1). Different from non-small cell lung cancer (NSCLC) and small cell lung cancer (SCLC), primary pulmonary lymphoma (PPL) is a rare clonal lymphoproliferative lung disease with no detectable extrapulmonary involvement at primary diagnosis or the subsequent 3 months, accounting for about 3.6% of extranodal lymphoma and 0.3% of primary pulmonary malignancies (2, 3). PPL can be classified into Hodgkin’s lymphoma (HL) and non-Hodgkin’s lymphoma (NHL) (4). Mucosa-associated lymphoid tissue lymphoma (MALT), B-cell lymphoma, diffuse large B-cell lymphoma (DLBCL), and T/NK-cell lymphoma are the main types of NHL (5).

It is reported that MALT is the most common subtype of PPL, accounting for up to 90% of all primary cases (6, 7). Because of its rarity, the clinical presentation and prognosis of PPL are little known. Patients with PPL often have non-specific symptoms such as cough, fever, chest pain, and dyspnea (8, 9). Most PPLs are indolent in nature and have good long-term survival (10). With the lack of a large cohort study, the Ann Arbor staging system which is developed for Hodgkin’s lymphoma is extensively used for clinical staging of PPL (11). The radiographic features of PPL vary from masses, nodules, and consolidation to ground-glass opacity (GGO) (12). As a result, PPL is easily misdiagnosed as other lung diseases, like lung cancer, pneumonia, or tuberculosis. In consideration of the indolent characteristic of PPL, many experts suggest that observation and regular follow-up are the first choice for PPL patients. Besides observation, radiotherapy and chemotherapy can also be used. It is conflicting whether PPL should make surgical resection or not. To improve our understanding of PPL, we conducted this retrospective study. In this study, we retrospectively analyzed 36 patients with primary pulmonary lymphoma treated at the Department of Thoracic Surgery of Shanghai Cancer Center to investigate the clinical features, surgical treatment, and prognosis of PPL.



Materials and Methods


Patient Selection

From 2006 to 2020, we retrospectively included 36 patients with primary pulmonary lymphoma from the Department of Thoracic Surgery of Shanghai Cancer Center. The inclusion criteria were as follows: 1) patients initially diagnosed at the Department of Thoracic Surgery, 2) clear diagnosis based on the postoperative pathology, 3) pulmonary (unilaterally or bilaterally) with or without hilar or mediastinal involvement, 4) no evidence of extrathoracic and extranodal tissue invasion at primary diagnosis or the subsequent 3 months, and 5) patients with surgical resection or biopsy.



Data Collection

Medical records concerning the demographic and clinical characteristics of all patients were obtained. All patients underwent a contrast-enhanced computed tomography (CT) scan before surgery. Two radiologists were required to review the same CT data. If they disagreed with each other, a third radiologist would make a decision. In consideration of the high costs of PET-CT, not all patients received PET-CT. Instead, patients would receive radionuclide bone scan and ultrasound of the neck and abdomen. Some patients underwent pathologic evaluation by CT-guided percutaneous lung biopsy or bronchoscopy before surgery. The postoperative pathology was also reviewed by two pathologists. If pathologists could not get a clear diagnosis by routine paraffin pathology, gene rearrangement analysis was required. All patients received surgical resection or biopsy from the Department of Thoracic Surgery. Some patients received chemotherapy, radiotherapy, or chemoradiotherapy after surgery according to the histological type and tumor stages obtained by surgery. The research was approved by the Research Ethics Committee of Shanghai Cancer Center of Fudan University. All patients consented to participate in this research.



Diagnostic and Therapeutic Approach

The preoperative diagnosis of MALT depends on the medical history, physical examination, and radiologic imaging like PET-CT, contrast-enhanced CT scan, and CT-guided percutaneous lung biopsy or bronchoscopic biopsy. If the preoperative transbronchial or CT-guided biopsy does not show malignancy, wedge resection would be performed for the suspicious nodules at first. Moreover, the intraoperative frozen section could help decide whether a more extensive procedure should be performed. The postoperative pathology was evaluated by H&E (hematoxylin–eosin staining) and immunohistochemical staining in all the patients. The interstitial infiltrate of small lymphocytes forming a mass-like lesion in the bronchiolar mucosa was the distinct morphology with the unique immunohistochemical staining of CD20(+), CD5(−), and CD10(−). When immunohistochemical staining was not sufficient for diagnosis, Ig gene rearrangement was required for further verification. In general, stage IE or IIE pulmonary MALT lymphoma with unilateral pulmonary involvement was treated only by surgical resection if the tumor was resectable. When PPL involved bilateral pulmonary or a complete resection could not be performed, adjuvant therapy was suggested. Usually, segmentectomy and lobectomy were often combined with lymph node dissection if the mediastinal lymph nodes were completely resectable.



Statistical Analysis

Continuous data were analyzed using Student’s t-test or Mann–Whitney U test, while categorical data were analyzed using chi-square test. The survival curves of overall survival (OS) and relapse-free survival (RFS) were calculated by Kaplan–Meier survival analysis and log-rank test. Univariate and multivariate Cox regression analyses were performed to estimate the potential prognostic factors. Statistical analysis was performed using SPSS 23. P-value less than 0.05 was considered to be statistically significant.




Results


General Characteristics

In this study, we retrospectively reviewed patients in our department with histologically proven PPL diagnosed from January 2006 to November 2020. Finally, 36 patients who met the inclusion criteria were included in this study. According to the modified Ann Arbor staging system (13), the 36 patients were classified into two groups: low-stage (stage IE, n = 27, 75%) and high-stage (stage IIE, n = 9, 25%). In the high-stage patients, there were five cases of stage II 2E, one cases of stage II 1E, and three cases of stage II 2EW. The baseline characteristics of the 36 patients with PPL are summarized in Table 1. Of the 36 patients, there were 14 men and 22 women with a median age of 55 (31–69) years. Twenty-two patients were accidentally diagnosed by routine radiographic examination with no clinical symptoms, but 14 other patients had respiratory symptoms like cough (n = 7, 50%), fever (n = 6, 42.9%), chest distress (n = 4, 28.6%), chest pain (n = 1, 7.1%), and bloody sputum (n = 1, 7.1%). Twenty-one patients received antibiotics for 1 to 4 weeks before hospitalization. Only seven patients had a smoking history. As shown by the results in Table 1, there was no significant difference between tumor stage and clinical characteristics.


Table 1 | Clinical characteristics of the patients with primary pulmonary lymphoma.





Lung Lesion Features in Radiographic Images and Preoperative Biopsy

Fourteen patients received PET-CT before surgery. Of the 14 patients, 9 patients had data of SUVmax absorption (1 patient with no absorption, 1 patient with 17.3 SUVmax, the other 7 patients with less than 6 SUVmax). All the 36 patients had contrast-enhanced CT scan before surgery. The main features could be divided into four groups: I) solid nodule or mass, II) pneumonia-like consolidative pattern, III) ground-glass opacity, and IV) mixed pattern (Figure 1). Most of the CT images of PPL featured a solid nodule or mass. As shown in Table 1, there was no significant difference between tumor stage and radiologic findings. There were seven patients with GGO featured in the CT images, which should be distinguished from early-stage NSCLC.




Figure 1 | Representative CT images of primary pulmonary. (A) solid nodule or mass, (B) multiple nodules or masses (C) pneumonia-like consolidative pattern, (D) ground glass opacity.



Thirteen patients had preoperative pathology by CT-guided percutaneous lung biopsy (n = 10) or bronchoscopy (n = 3). Of the 10 patients with percutaneous lung biopsy, 1 patient got a cytological pathology of NSCLC, but the paraffin pathology of the surgical specimen was DLBCL. Of the three patients with bronchoscopic biopsy, one patient got a cytological pathology of chronic mucositis and inflammatory cells in the stroma. Compared with bronchoscopic biopsy, percutaneous lung biopsy was much more accurate, but still could not be fully trusted. Paraffin pathology of the surgical specimens is still the golden standard. Radiographic images like PET-CT or CT and preoperative pathology could help assist with clinical diagnosis.



Surgical Options, Pathology Characteristics, and Prognosis

All the 36 patients received surgery besides surgical biopsy. Regarding surgical type, 16 patients received muscle-sparing lung resection (2 wedge resection, 1 segmentectomy, 13 lobectomy). Nineteen patients received video-assisted thoracoscopic surgery (11 wedge resection, 3 segmentectomy, 5 lobectomy). One patient only received thoracoscopic biopsy. Moreover, 22 patients received mediastinal lymphadenectomy, and 4 patients received only biopsy of mediastinal lymph node. Postoperative pathology verified that 8 patients had mediastinal lymph node or hilar lymph node metastasis. The postoperative histopathology showed that there were 31 patients with MALT, 2 with DLBCL, 2 with nodular sclerosing Hodgkin’s lymphoma and 1 with marginal zone B-cell lymphoma. Figure 2 shows H&E and immunohistochemical staining of pulmonary DLBCL (Figure 2A) and pulmonary MALT (Figure 2B). Two patients with DLBCL received chemotherapy (rituximab plus CHOP) after surgery. Two patients with nodular sclerosing Hodgkin’s lymphoma received chemoradiotherapy (ABVD plus radiotherapy) after surgery. Five patients (one marginal zone B-cell lymphoma and four MALT) with residual tumor or bilateral pulmonary involvement received local radiotherapy.




Figure 2 | Representative H&E and immunohistochemical staining of pulmonary DLBCL (A) and pulmonary MALT (B).



Two patients with MALT were lost to follow-up. The remaining 34 patients had a median follow-up time of 31 months (follow-up range: 7–152 months). During the follow-up period, two patients died and five patients developed progressive disease. One patient with marginal zone B-cell lymphoma (stage II 2E) died of liver metastases, and one patient with MALT (stage II 1E) died of intestinal metastases. The log-rank analysis identified that both tumor stage and surgery type were not associated with OS and RFS (Figure 3). There was also no significant predictor found in the univariate and multivariate Cox regression analysis (Supplementary Tables 1, 2).




Figure 3 | Kaplan-Meier survival curves for overall survival (OS) and relapse-free survival (RFS) according to tumor stage and surgery type. (A) OS curve according to tumor stage, (B) RFS curve according to tumor stage, (C) OS curve according to surgery type, (D) RFS curve according to surgery type.



Interestingly, two patients were diagnosed with PPL and NSCLC synchronously (Figure 4). One patient had a 10- and 17-mm GGO, confirmed to be lung adenocarcinoma and MALT. Both nodules were resected in one surgery. The lung adenocarcinoma had the size of 1 * 0.8 * 0.3 cm. It had high–moderate differentiation and the lepidic subtype predominated with no invasion of pleura, lymph, and nerve. Its stage was IA (T1aN0M0). The other one patient had a 7-mm GGO featuring AIS, a 35-mm consolidation featuring MALT in the right lung, and a 10-mm GGO featuring MIS in the left lung. The patient received VATS wedge resection of the right lung for the first time and received another VATS wedge resection of the left lung after 5 months. As both patients had early-stage lung cancer, regular follow-up after surgery was suggested for them.




Figure 4 | CT images of two patients with synchronous PPL and NSCLC. (A) CT images of patient with MALT and LAUD, (B) CT images of patient with MALT, AIS and MIA.



Moreover, we divided patients into central tumor and peripheral tumor groups according to tumor location (Table 2). Thirty-six patients were classified into 10 central tumors and 26 peripheral tumors. Patients with central tumors had larger tumors than patients with peripheral tumors (P = 0.003). Of the 10 patients with central tumors, 60% patients (6 of 10) received lobectomy and 3 patients received palliative resection. Of the 26 patients with peripheral tumors, 61.5% patients (16 of 26) received limited resection, including VATS wedge resection (n = 10), muscle-sparing wedge resection (n = 2), VATS segmentectomy (n = 3), and muscle-sparing segmentectomy (n = 1). Patients with peripheral tumors were more prone to receive limited resection, compared with patients with central tumors (P = 0.003). For patients with central tumors, 60% of the patients received mediastinal lymph node dissection. For patients with peripheral tumors, 38.5% of the patients received mediastinal lymph node dissection and 19.2% of the patients received lymph node biopsy. Moreover, only two patients had postoperative complications in the group of peripheral tumors. There was no significant difference between these two groups. One patient had arrhythmia and chylothorax after VATS segmentectomy, and another patient had air leak after muscle-sparing lobectomy.


Table 2 | Clinical characteristics and treatment options in patients with central tumors and peripheral tumors.






Discussion

PPL is a rare disease of clonal lymphoid proliferation affecting one or both lungs (14). It has a large difference from lymphoma which is a malignant tumor of the immune system. Most PPLs are indolent with 5-year survival rates of over 85% and median survival of over 10 years in previous studies (13). Regular follow-up is thought to be the proper therapy for most PPL patients. A study from the Sylvester Comprehensive Cancer Center showed that patients with clinically asymptomatic disease followed by observation had no progression during a median follow-up of 40.5 months (15). In this present study, we retrospectively reviewed 36 PPL patients who were first diagnosed at our thoracic department from 2006 to 2020. Most PPLs were MALT which were indolent and associated with favorable outcomes in previous studies. Five PPLs were marginal zone B-cell lymphoma, DLBCL, and HL. Different from previous studies, all the 36 PPL patients received surgery-based modality. We assessed the clinical manifestations, lung lesion features of preoperative examinations, therapy modality, pathology characteristics, and prognosis.

Previous studies showed that gender ratio was controversial. In some literature, males were slightly higher in number than females; however, some Chinese studies got the opposite results (16, 17). In our study, the female to male ratio was 1.57:1. The clinical manifestations of PPL are non-specific. A total of 61.1% of the patients had no clinical symptoms, and 14 other patients had respiratory symptoms like cough, fever, chest distress, chest pain, and bloody sputum. A total of 77.8% (7/9) of patients and 25.9% (7/27) of patients had respiratory symptoms in stage IIE and stage IE, separately. Patients in stage IIE were more prone to have respiratory symptoms than stage IE patients (P = 0.014). Twenty-one patients received antibiotics for 1 to 4 weeks before hospitalization. Radiographic images showed no significant change after antibiotic treatment. Consistent with previous studies, our study showed that patients with PPL had favorable outcomes. During the follow-up period, 86% of the patients were in stable condition. Only two patients died of lymphoma progression.

Preoperative examinations like PET-CT, contrast-enhanced CT scan, CT-guided percutaneous lung biopsy, or bronchoscopic biopsy offered helpful information. However, it is still hard to clearly discriminate PPL from lung cancer and pneumonia. PET-CT results suggested that patients with indolent PPL like MALT often had slightly increased SUVmax absorption (from 0 to 6), and the absorption value had no relationship with tumor size. One patient with nodular sclerosing Hodgkin’s lymphoma had a relatively high SUVmax absorption (17.3). Most preoperative biopsy offered the same results with histopathology obtained from surgery. However, due to the small sample size and tumor heterogeneity, preoperative biopsy could not 100% represent the real pathology.

In our study, CT-guided percutaneous lung biopsy and bronchoscopic biopsy got 90% (9/10) and 66.7% (2/3) accuracy rate, separately.

Regarding the CT images, PPL could be divided into four groups. Consistent with previous studies, single or multiple nodules and pneumonia-like with air space consolidation were the main patterns of radiographic features (18, 19). As the clinical features of PPL were poorly defined, most of the patients were initially misdiagnosed as pneumonia, pulmonary tuberculosis, anaerobic bacteria or fungal infections, and lung cancer (9). For the single or multiple solid nodules or masses, PPL should be discriminated from primary lung cancer and metastatic lung cancer. For the pneumonia-like consolidative pattern, PPL should be discriminated from pneumonia, especially in these COVID-19 pandemic days. For the ground-glass opacity, PPL should be discriminated from early-stage lung cancer.

It is conflicting whether PPL should undergo surgical resection or not. Some experts have suggested that surgery brought no survival benefits to PPL patients and it might cause periprocedural complications (20). The aim of surgery for PPL patients should be to preserve lung function. The others consider that surgical resection could suppress PPL progression and prolong complete response, especially for young patients (15, 21). As this study only included patients with lung resection or just surgical biopsy, we could not compare the results of surgical treatment with those of non-surgical treatment. In the future, we would expand the inclusion criteria and include patients with only non-surgical treatment. However, we could get some evidence from the comparison of non-radical resection and radical resection. In the present study, four patients received palliative resection or just surgical biopsy. Among them, one died of tumor progression and one was lost to follow-up. The other 32 patients received radical resection. Among them, 1 was lost to follow-up, 1 patient died of tumor progression, and 3 patients developed progressive disease. Patients with non-radical resection seemed to have a worse survival than patients with radical resection. However, the result should be further verified in a large population. For the peripherally located tumors, restricted lung resection removes tumors and preserves most of the lung function. Moreover, for a large medical center, restricted lung resection like VATS wedge resection or VATS segmentectomy is proficient in manipulating. Periprocedural complications or death could be reduced in low proportion. In our department, only one patient had arrhythmia and chylothorax, and one patient had air leak. No patients died in the perioperative period. In addition, restricted lung resection is also an important method to make a clear diagnosis, because preoperative examinations like PET-CT, contrast-enhanced CT scan, CT-guided percutaneous lung biopsy, or bronchoscopic biopsy cannot get a precise diagnosis. The misdiagnosis could delay the best time of surgery for patients with malignant cancer. Particularly, the surgical option for GGO featuring PPL is hard to make. For those patients, the therapy modality could follow the guidelines of GGO (22). High-risk patients with GGO could be followed up for 3 or 6 months. If the tumor size has no change or it increases, patients are suggested to have a resection. For patients with tumor size less than 6 mm or pure GGO less than 3 cm, routine follow-up may be an appropriate choice. When the preoperative examination cannot discriminate PPL from lung cancer, surgical resection is the appropriate treatment modality.

It is not clear whether lymph node dissection should be performed for PPL. In our department, 60% of the patients received mediastinal lymph node dissection for central tumors and 57.7% of the patients received mediastinal lymph node dissection or lymph node biopsy for peripheral tumors. Of the eight patients with mediastinal lymph node or hilar lymph node metastasis, only three patients had mediastinal or hilar lymph node enlargement in CT images. Lymph node features in the CT images had a poor match with pathology characteristics. Although lymph node dissection can help evaluate tumor stage, there was no significant difference in overall survival rate between patients with stage I or II disease according to previous studies (23). Lymph node dissection may not make a difference in PPL treatment. But for the patient with uncertain diagnosis, intraoperative frozen section examination is indispensable. We suggest that intraoperative frozen section is an effective method to guide resection strategy (24). Only with the precise diagnosis of PPL, lymph node dissection is not mandatory.

Two patients were diagnosed with PPL and NSCLC synchronously. Simultaneous operations were performed in our department. The tumor sizes of synchronous NSCLC were not larger than 1 cm. Preoperative biopsy was hard to perform. For patients with PPL, multiple pulmonary nodules are common. Some of the nodules are PPL of the same origin, but some may be lung cancer of second origin. We recommend to perform restricted lung resection for suspicious nodules of lung cancer.

There were some limitations in our study. Firstly, the study only included 36 patients with PPL confirmed by surgical pathology. The small sample size from one single-center may restrict the spread of the clinical experience. Secondly, the study was a retrospective research. The shortage of retrospective research was inevitable. Thirdly, the surgical modality of the patients did not follow the same strategy. Some patients received mediastinal lymphadenectomy, but some patients only received lymph node biopsy. Lastly, some patients did not have regular follow-up in our hospital. Hence, their information of subsequent treatment may not be credible.



Conclusion

Our retrospective analysis suggested that most PPLs were indolent. As PPL has no specific clinical and radiological manifestations, the definite diagnosis depends on pathology. Intraoperative frozen section weighs over preoperative biopsy owing to its high accuracy. Wedge resection could be performed for the suspicious nodules at first. The intraoperative frozen section helps to decide whether a more extensive procedure should be performed. For the peripherally located tumors, restricted lung resection like VATS wedge resection or VATS segmentectomy is recommended. For small hospitals with no proficient pathologists, preoperative biopsy should be carefully evaluated. When PPL is hard to discriminate from lung cancer, the multidisciplinary team could make a better therapeutic regimen.
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Background

Synchronous multiple ground-glass nodules (SMGGNs) in synchronous multiple lung cancers are associated with specific imaging findings. It is difficult to distinguish whether multiple nodules are primary tumors or metastatic lesions in the lungs. The need for PET/CT and contrast-enhanced brain MRI for these patients remains unclear. This study investigated the necessity of these two imaging examinations for SMGGN patients by means of retrospective analysis.



Methods

SMGGN patients who were diagnosed and treated in our hospital from October 2017 to May 2020 and underwent whole-body PET/CT(Cranial excepted) and/or contrast-enhanced brain MRI+DWI were enrolled in this study. We analyzed the imaging and clinical characteristics of these patients to evaluate SMGGN patients’ need to undergo whole-body PET/CT and brain MRI examination.



Results

A total of 87 SMGGN patients were enrolled. 51 patients underwent whole-body PET/CT examinations and did not show signs of primary tumors in other organs, metastatic foci in other organs, or metastasis to surrounding lymph nodes. 87 patients underwent whole-brain MRI, which did not reveal brain metastases but did detect an old cerebral infarction in 23 patients and a new cerebral infarction in one patient. 87 patients underwent surgical treatment in which 219 nodules were removed. All nodules were diagnosed as adenocarcinoma or atypical adenomatous hyperplasia. No lymph node metastasis was noted.



Conclusion

For SMGGN patients, PET/CT and enhanced cranial MRI are unnecessary for SMGGNs patients, but from the perspective of perioperative patient safety, preoperative MRI+DWI examination is recommended for SMGGNs patients.





Keywords: synchronous multiple ground-glass nodules (SMGGNs), positron-emission tomography and computed tomography (PET/CT), magnetic resonance imaging (MRI), lung cancer, adenocarcinoma



Introduction

The incidence of synchronous multiple lung cancers (SMLCs) accounts for approximately 0.2% of all lung cancers, but the incidence of SMLCs has tended to gradually increase worldwide (1). The reason for this situation may be due to the popularization of low-dose computed tomography (LDCT) and high-resolution CT (HRCT), as well as its promotion and application in early lung cancer screening. Particularly, LDCT and HRCT can be used to find ground-glass nodules (GGNs) in the lungs that cannot be found on traditional chest X-ray (2). However, lung cancer patients with multiple lung lesions have long been difficult to classify due to the inability to distinguish between independent primary tumors and lung cancer with intrapulmonary metastasis, in addition, several patterns of radiological expression are associated with SMLCs (3). To provide better clarity, the 8th edition of the tumor–node–metastasis (TNM) classification for lung cancer developed by the International Association for the Study of Lung Cancer (IASLC) shows that lung cancers that manifest as multiple foci in imaging studies are classified into four categories: secondary primary lung cancer, isolated tumor nodules (intrapulmonary metastasis), multiple GGNs, and pneumonic-type lung adenocarcinoma (4, 5).

The National Comprehensive Cancer Network (NCCN) Clinical Practice Guidelines in Oncology (NCCN guidelines, the 2nd edition, 2020) recommend performing positron-emission tomography/computed tomography (PET/CT) and contrast-enhanced brain magnetic resonance imaging(MRI) for patients with multiple-nodule lung cancer (6). However, the guidelines do not specify anything about the type of multifocal lung cancer. The NCCN guidelines suggest using PET/CT as a preoperative evaluation for patients with multifocal lung cancer to assess whether there is mediastinal lymph node metastasis or distant metastasis (6). Due to the deficiencies of PET/CT in brain imaging, contrast-enhanced brain MRI is used to assess whether patients have neurological metastases (5).

Although the incidence of synchronous multiple GGNs (SMGGNs) has not been quantified, it is becoming more common as one of the imaging manifestations of SMLCs. It is mostly considered to be multiple early primary lung adenocarcinomas or precancerous lesions. Whether patients with SMGGNs can benefit from preoperative PET/CT and brain MRI needs further study. Therefore, to understand the effectiveness and necessity of these modalities in these patients, we conducted a retrospective analysis and evaluation of patients with SMGGNs who underwent routine PET/CT(Cranial excepted) and contrast-enhanced brain MRI+dispersion weighted images sequences(DWI) before surgery to determine whether there was mediastinal lymph node metastasis or organ metastasis, including determining whether SMGGNs were intrapulmonary metastasis.



Methods

This retrospective study was reviewed and approved by the Ethics Committee of the Fourth Hospital of Hebei Medical University. Since the data of this study are retrospective and anonymous, no informed consent is required.


Enrollment of Patients

SMGGN patients who were diagnosed and treated in the Department of Thoracic Surgery in our hospital from October 2017 to May 2020 and underwent whole-body PET/CT(Cranial excepted) and contrast-enhanced brain MRI+DWI examinations were enrolled in this study. SMGGNs include multiple pure GGNs (pGGNs) and multiple mixed GGNs (mGGNs). pGGNs are seen as focal ground-glass shadows on the lung window on CT, and the nodules must not contain solid components that can block the structure of blood vessels or bronchi (7). mGGNs are GGNs that show up as shadows and contain solid components that block the structure of blood vessels or bronchi. In this study, the patients were selected based on their thin-slice CT images and the above definitions. The CT diagnosis of SMGGNs was defined as two or more GGNs shown on the images in which the maximum diameter of the solid component of mGGNs is not greater than 5 mm. The patients were diagnosed with precancerous lesions or early lung cancer if they had a relevant medical history. Two radiologists and two thoracic surgeons evaluated and compared the CT images longitudinally and reached an agreement on patient enrollment.



Image Acquisition and Analysis

All scanning was performed on a Gemini GXL 16‐slice PET/CT system (Philips) with 18F-fluorodeoxyglucose (FDG) (radiochemical identity/purity > 95%) provided by Andico. The patient had fasted for more than 6 hours. The patient’s height and weight and level of fasting blood glucose (<6.1 mmol/L) were measured. In the resting state, 222-492.1 MBq (6-13.3 mCi) 18F-FDG was injected via the dorsal vein of the hand. PET/CT was performed 50-60 minutes after injection, during which the patient was resting in a dark room. The patient was in the supine position with both hands on the head. Multislice spiral CT scan was performed first. The scan range was from the neck to the upper segment of the femur. The scan conditions were as follows: voltage 120 kV, current 160 mA, slice thickness 5 mm, interslice gap 5 mm, matrix 512 × 512, helical pitch 0.813, and single rotation time of the tube 0.5 s. The patient was asked to breathe calmly to ensure the scanning images to synchronize with the PET images. Then, the PET scan was performed in the 3D acquisition mode with an acquisition speed of 2.5 min/frame for a total of 8-10 frames. PET images of PET/CT were three-dimensionally reconstructed using the 3D line of response reconstruction algorithm. At the same time, CT data were used for attenuation compensation of the PET images. Both the slice thickness and interslice gap were 5 mm. During a breath-hold, a thin-slice CT scan was carried out on all GGNs in the lungs for reconstruction, with a slice thickness of 0.8 mm. When the pulmonary nodules were suspected of being malignant on PET or CT images, delayed PET scan of the chest was performed 120 minutes after injection of 18F-FDG.

Contrast-enhanced brain MRI was performed by a 1.5- or 3.0-T MRI scanner (GE), with the parameters as follows: axial FSE T2WI/FLAIR (repetition time (TR), 9000 ms; echo time (TE), 96 ms; number of excitations (NEX), 1; slice thickness, 5 mm), intravenous contrast agent Gd-DTPA (TR, 1700 ms; TE, 2.32 ms; NEX, 1; slice thickness, 5 mm) for axial and sagittal FSE T1WI scanning; DWI sequence (TR, 4100 ms; TE, 64 ms; NEX, 1; slice thickness, 5 mm); and MRA (TR, 22 ms; TE, 3.67 ms; NEX, 1; slice thickness, 5 mm).



Treatment and Pathological Staging

Pathological diagnosis and staging were done in patients undergoing surgical treatment. The postoperative pathological diagnosis was performed according to the standards developed by IASLC/American Thoracic Society/European Respiratory Society classification. Pathological staging was based on the 8th edition of the IASLC lung cancer staging system. Molecular pathological analysis on surgical specimens was performed to investigate the mutation status of the epidermal growth factor receptor (EGFR) gene.




Results


Patient Selection

A total of 109 patients who were diagnosed and treated in the Department of Thoracic Surgery in our hospital from October 2017 to May 2020. 87 patients underwent surgical treatment. All of them underwent enhanced MRI+DWI of the head, and 51 of them underwent whole-body PET/CT(Cranial excepted). All 51 whole-body PET/CT examinations showed no signs of primary tumors in other organs, metastatic foci of other organs, or metastasis to surrounding lymph nodes (no abnormal high FDG uptake was found). All patients underwent contrast-enhanced brain MRI+DWI scan, and it did not reveal brain metastases, though it did detect an old cerebral infarction in 23 patients and new cerebral infarction in one patient by DWI sequences.

22 patients did not undergo surgical treatment. 10 patients’ dominant nodules did not meet surgical indications, 3 patients could not tolerate surgery because of underlying disease, and 9 patients refused surgical treatment. All of them underwent whole-body PET/CT(Cranial excepted) too. And All of the whole-body PET/CT examinations showed no signs of primary tumors in other organs, metastatic foci of other organs, or metastasis to surrounding lymph nodes (no abnormal high FDG uptake was found).No patients with SMGGNs abandoned surgery because they were considered for intrapulmonary metastasis (Figure 1).




Figure 1 | Flow chat of SMGGN patient enrollment and examination.





Characteristics and Imaging Data of the Patient

The median age of the 87 SMGGN patients at onset was 58 years (43-75 years). There were 26 men (29.9%) and 61 women (70.1%). A total of 351 GGNs were observed in the whole group of patients (nodules less than 5 mm were not included). The number of GGNs in each patient was two in 51 patients, 3-5 in 19 patients, 6-10 in 6 patients, and more than 10 in 11 patients. The diameter of the largest nodule on CT was ≤ 10.0 mm in 13 patients, > 10.0 mm and ≤ 20 mm in 42 patients, > 20.0 mm and ≤ 30 mm in 29 patients, and > 30 mm in 3 patients (Table 1).


Table 1 | Clinical characteristics of 87 patients.





Surgical and Pathological Outcomes After Surgery

63 patients underwent surgery directly after completing preoperative examination. Of the 23 patients diagnosed with chronic cerebral infarction,14 patients underwent surgery after short-term (7 days) antiplatelet aggregation therapy. 9 patients underwent surgery after cranial MRA and carotid ultrasound to screen blood vessels and control for risk factors. The patient with a new cerebral infarction was treated for cerebral infarction and underwent surgery 6 months later. No cerebrovascular accident occurred in all patients during perioperative period.

A total of 219 GGNs were resected in 87 patients. Postoperative pathology showed invasive adenocarcinoma (AC) in 75 GGNs, minimally invasive adenocarcinoma (MIA) in 47 GGNs, adenocarcinomas in situ (AIS) in 47 GGNs, and atypical adenomatous hyperplasia (AAH) in 50 GGNs. There were no cases of pleural invasion or vascular tumor thrombus, and no metastasis was found in the sampled lymph nodes. One GGN was removed in 19 patients, multiple GGNs were removed from the same lobe in five patients, GGNs in different lobes on the same side were removed in 36 patients, and bilateral GGNs were removed in 27 patients at the same time or in stages. The number of the resected GGNs was one in 19 patients, two in 36 patients, three in 17 patients, four in seven patients, five in four patients, six in one patient, seven in two patients, and nine in one patient (Table 2).


Table 2 | Pathological and molecular-biological characteristics of 87 patients.



In patients with more than three (including five) GGNs removed, the largest three GGNs were tested for EGFR gene mutation. Among the 68 patients with multiple GGNs removed, 57 patients had one of various EGFR mutations (83.8%, 57/68) in their lung GGNs (Figure 2).




Figure 2 | The distribution of EGFR mutations in 87 patients.






Discussion

We conducted this retrospective analysis to evaluate the necessity of preoperative whole-body PET/CT and contrast-enhanced brain MRI in patients with SMGGNs. Although false-positive uptake of 18F-FDG is often seen in daily PET/CT studies (8), none of our 51 patients undergoing PET/CT had other primary or secondary lesions in distant organs or metastasis to mediastinal lymph nodes. In all patients undergoing surgery, no metastatic lymph nodes were found in postoperative pathological examination. The preoperative screening section of the NCCN Guidelines for non-small cell lung cancer in the United States recommends that patients with SMLC undergo a whole-body PET/CT and a contrast-enhanced MRI examination of the head before surgery (9). For patients with multiple pGGNs, whether these two examinations are required before surgery is inconclusive, and no scientific consensus has been reached.

On CT images, lung nodules can be divided into solid nodules (SNs), part-solid nodules (PSNs) or mGGNs, and nonsolid nodules or pGGNs. Both pGGNs/NSNs and mGGNs/PSNs are called subsolid nodules (SSNs) (10–12). We added an additional high-resolution CT scan at breath-hold for patients who had GGNs identified on the thin-slice CT in the subsequent PET/CT scan, so the diagnosis of pGGN is reliable.

Lung GGNs that persist in CT scans is considered an imaging manifestation of early lung adenocarcinoma or precancerous lesions (13). According to the new lung adenocarcinoma staging system (4), GGNs can show a growth pattern of attachment to the alveolar wall under the microscope. This indicates a lower invasiveness. This growth pattern has little effect on alveolar ventilation. This feature of GGNs can be observed on CT images (14). The 219 nodules we resected were pathologically diagnosed as invasive adenocarcinoma, minimally invasive adenocarcinoma, adenocarcinoma in situ, or lung atypical adenomatous hyperplasia after surgery. Lung adenocarcinoma is the most common pathological type of lung cancer and is associated with mutations in a variety of oncogenes. The most commonly mutated genes include EGFR, ALK, BRAF, and KRAS. We performed EGFR mutation detection on 187 of these nodules, and 109 EGFR mutations were detected, for a mutation rate of 58.3%.

The cause of GGNs still needs to be investigated. GGNs are somewhat different from typical lung cancer. There is no obvious relationship between the occurrence of GGNs and smoking (a carcinogen). Most GGN patients do not smoke. The occurrence and development of GGNs are relatively slow, mostly in the peripheral part of the lung, and multiple primary lesions may be present. Household air pollution may be related to the incidence of GGNs. Household air pollution includes exhaust gas from burning solid fuels for heating and cooking and oil fumes that come from cooking (15). In our study, females (61/87) and nonsmoking patients (69/87) patients accounted for most of the enrolled patients.

Like other SMLCs, SMGGNs cause confusion for clinicians. It is hard to tell whether an SMGGNs are a lung metastasis of the same primary cancer or are multiple primary lung cancers (MPLCs) of different origins. Moreover, this confusion has not been resolved by advancements in pathology, because the SMGGNs usually have the same histological type, even if they have different growth patterns (16). According to the traditional definition, MPLCs with the same histological results must be evaluated according to the following criteria: 1. The histological origin is carcinoma in situ. 2. No lymph nodes in the conventional lymph node metastasis pathways are involved. 3. There is no extrathoracic metastasis (17, 18). In our study, we found no signs of metastasis on any PET/CT images, including lymph node metastasis and organ metastasis. These findings confirm that the multiple pGGNs were MPLCs with multiple primary lesions. In the Fleischner Society and IASLC statements, SMGGNs are considered to be the early stages of MPLC.

In addition to identifying and classifying SMGGNs based on histopathological findings, researchers and clinicians have also used molecular biology methods. The molecular biology test results of tissue specimens strongly support the view that they are all independent primary tumors (19, 20). In our study, among the 68 patients with multiple nodules removed, 57 patients had lung nodules with EGFR mutation status (83.8%, 57/68), confirming the above results. Base on this, we believe that we believe that for a molecular biology point of view, all SMGGNs are independent primary tumors, it is invalid to use PET/CT to determine whether the SMGGNs are metastatic nodules or to look for other primary tumor. However, Li et al. (21) published an article about the occurrence of intrapulmonary metastases in the form of multiple GGNs. They performed whole-exome sequencing on each of the removed nodules in two patients with multiple GGNs in the lungs. They found in each of these two patients that two GGNs shared multiple rare nonsynonymous and synonymous mutations, which strongly suggested that they were intrapulmonary metastases. In contrast, the remaining GGNs showed different clonal origins. The reason for the early metastasis of GGNs may be the dissemination of tumor cells in the alveolar cavity. Although this new metastasis model of lung cancer has been well accepted, whether there are metastases in multiple GGNs in the lungs, especially multiple GGNs in the bilateral lungs, still needs to be studied and verified.

Lesions (including single lesions and multiple lesions) that appear as pure GGNs on CT images and tumors with growth patterns of attachment to the wall show indolent biological behavior and are associated with a relatively good prognosis (22, 23). Based on the multiple origins of multiple GGNs in the lungs confirmed by our research and the absence of lymph node metastasis, we have reason to believe that for patients with multiple GGNs in the lungs, limited lung resection with close follow-up should be recommended over lobectomy to observe the remaining nodules after surgery. This is the best diagnostic and treatment strategy for patients with multiple GGNs in the lung. Next-generation gene sequencing technology can be used for whole-genome sequencing, whole-exome sequencing, or target gene sequencing on surgically resected specimens to analyze whether multiple GGNs have the same origin (24). This is necessary for the overall management of the disease in patients with multiple GGNs.

It has been report (25, 26) that the sensitivity of crania enhanced MRI in screening for brain metastasis of lung cancer is not inferior to or even higher than that of whole-body PET/CT, so in our study cranial enhanced MRI was used to screen for intracranial metastasis. Although the preoperative MRI of all 87 patients did not show intracranial metastases, but combined with DWI sequence, it did reveal an old cerebral infarction in 23 patients and a new cerebral infarction in one patient. The new onset of cerebral infarction indicates the patient is in a period of hemodynamic instability, so cerebrovascular accident is more likely to recur during the perioperative period after video-assisted thoracoscopic lung resection (27). Patients with old cerebral infarction and abnormal cerebrovascular stenosis are more likely to have cerebrovascular accidents when undergoing lung (especially upper lobe) resection than the healthy population (28). Compared with PET/CT, head MRI+DWI has significant advantages in the diagnosis of cerebral infarction (29). Therefore, we believe that for patients with multiple GGNs, preoperative contrast-enhanced brain MRI is necessary.

This study has some limitations. First, the sample size of this study was relatively small. The high cost of PET/CT examinations made it hard to enroll many cases. Second, the study is limited by its retrospective design, which may have caused selection bias. Prospective studies should evaluate the practicality of preoperative PET/CT and brain MRI. Finally, we only included patients with multiple pGGNs and mGGNs with solid components ≤ 5 mm and excluded patients with mGGNs with solid components > 5 mm. Since mGGNs with a solid component > 5 mm are more invasive, PET/CT and brain MRI in SMGGNs of patients with a solid component > 5 mm before surgery require further study.



Conclusion

Whole-body PET/CT and contrast-enhanced brain MRI didn’t provide additional information to determine whether patients with SMGGNs had intrapulmonary metastases and the presence of lymph node and organ metastases., but the DWI sequence can help us find some surgical risk factors before surgery, screen some patients who are not suitable for surgery, and intervene in advance for those patients who still have the chance of surgery, so as to reduce the perioperative surgical risk of patients. Based on the results of our study, we believe that PET/CT and enhanced cranial MRI are unnecessary for SMGGNs patients, but from the perspective of perioperative patient safety, preoperative MRI+DWI examination is recommended for SMGGNs patients. Of course, this conclusion is based on our retrospective study, and we expect RCT studies to prove this conclusion.
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Lung cancer is the leading cause of cancer-related deaths worldwide and in China. Screening for lung cancer by low dose computed tomography (LDCT) can reduce mortality but has resulted in a dramatic rise in the incidence of indeterminate pulmonary nodules, which presents a major diagnostic challenge for clinicians regarding their underlying pathology and can lead to overdiagnosis. To address the significant gap in evaluating pulmonary nodules, we conducted a prospective study to develop a prediction model for individuals at intermediate to high risk of developing lung cancer. Univariate and multivariate logistic analyses were applied to the training cohort (n = 560) to develop an early lung cancer prediction model. The results indicated that a model integrating clinical characteristics (age and smoking history), radiological characteristics of pulmonary nodules (nodule diameter, nodule count, upper lobe location, malignant sign at the nodule edge, subsolid status), artificial intelligence analysis of LDCT data, and liquid biopsy achieved the best diagnostic performance in the training cohort (sensitivity 89.53%, specificity 81.31%, area under the curve [AUC] = 0.880). In the independent validation cohort (n = 168), this model had an AUC of 0.895, which was greater than that of the Mayo Clinic Model (AUC = 0.772) and Veterans’ Affairs Model (AUC = 0.740). These results were significantly better for predicting the presence of cancer than radiological features and artificial intelligence risk scores alone. Applying this classifier prospectively may lead to improved early lung cancer diagnosis and early treatment for patients with malignant nodules while sparing patients with benign entities from unnecessary and potentially harmful surgery.


Clinical Trial Registration Number

ChiCTR1900026233, URL: http://www.chictr.org.cn/showproj.aspx?proj=43370.
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Introduction

Approximately 22% of the newly diagnosed cancer cases worldwide and 27% of cancer-related deaths occur in China (1). In 2018, the 5-year survival rate for lung cancer in China was 19.7% (2). Based on the results of the National Lung Screening Trial (NLST) (3, 4), low-dose computed tomography (LDCT) is the recommended test for lung cancer screening, but the high false-positive rate has diminished the benefits of the test; indeed, in a previous study, only 3.6% of the participants who had pulmonary nodules were confirmed to have lung cancer (3). Therefore, clinicians use diagnostic decision tools to stratify the malignancy risk of patients with positive LDCT results (5). The Mayo Clinic Model has been extensively validated worldwide and includes factors such as age, smoking history, extra-thoracic cancer history, spiculation, nodule diameter, and upper lobe location (6). However, because of the variation in ethnicity and environment, some risk factors might have different impacts on the Chinese population. For example, the diagnostic significance of the malignant risk factor “upper lobe location” is weakened owing to the high prevalence of tuberculosis (7).

New technologies have resulted in the emergence of several tools for early cancer diagnosis. Artificial intelligence (AI) approaches combined with deep learning technology have been adopted for image analysis in clinical settings. The use of AI can help clinicians reduce the risk of human errors caused by classifying a large number of medical images (8), which may lead to improved diagnostic efficacy of LDCT for lung cancer (9). Several studies have demonstrated that the application of deep learning technology may improve the performance of lung cancer diagnosis by the precise recognition of specific malignant features from LDCT images (10, 11). In general, AI can analyze the whole pulmonary nodule, looking for features characteristic of invasion, as opposed to histopathological evaluation of a small biopsy taken from an intermediate- or high-risk pulmonary nodule, which may not be representative (8, 11, 12). In addition, testing for early lung cancer via liquid biopsy using novel, sensitive, and specific biomarkers to examine cancer-related proteins or abnormal DNA (13, 14). Liquid biopsy for early lung cancer detection has been extensively investigated with various biomarkers and platforms. Indeed, previous studies (15–17) demonstrated that a fluorescent in situ hybridization (FISH) liquid biopsy approach to detect cells with cytogenetic abnormalities may be used to rule out lung cancer in individuals with intermediate pulmonary nodules (18, 19).

Guidelines for the early diagnosis of lung cancer in China recommend that prediction models be established based on data retrieved from Chinese populations (20), based on a broad range of preliminary information and evidence (21, 22). We hypothesized that the integration of clinical and radiological characteristics, together with AI interpretation of LDCT images and liquid biopsy testing for cells with cytogenetic abnormalities via a 4-color FISH array, might improve the ability to diagnose early lung cancer in individuals with intermediate and high-risk pulmonary nodules on LDCT. To this end, we conducted a prospective multicenter study in China to establish an effective early lung cancer prediction model to improve the diagnosis of pulmonary nodules with an intermediate and high risk of lung cancer detected by LDCT.



Material and Methods


Study Population

The study was approved by the Institutional Review Board of Zhongshan Hospital of Fudan University. A total of 1,663 individuals were recruited to the study from consecutive outpatients of 12 tertiary hospitals across mainland China. Pulmonary nodules detected by LDCT were identified as intermediate and high-risk for lung cancer by physicians in the usual care routine. Intermediate risk was defined as individuals requiring follow up to rule out malignancy, while high-risk was defined as individuals with a clinical suspicion of lung cancer. The flow chart in Figure 1 describes the criteria for patient recruitment in this study. Written informed consent was obtained from all participants.




Figure 1 | Schematic Diagram of the Study Design.



Eligible patients recruited from ten hospitals between September 2019 and September 2020 were enrolled in the training set to establish an early lung cancer prediction model. Subsequently, an independent validation set composed of participants evaluated between March 2020 and October 2020 from the remaining two hospitals was used to test the diagnostic performance of the comprehensive lung cancer risk prediction model. The final selection of the individuals comprising the training set (n = 560) and independent validation set (n = 168) was based on the exclusion criteria shown in Figure 1.



Data Collection

All participants completed a demographic survey to obtain clinical information. LDCT images in the 6 months prior to enrollment of individuals were obtained for AI analysis. Following AI of LDCT scans and liquid biopsy, patients with intermediate and high-risk pulmonary nodules who met the inclusion criteria were subjected to fiberoptic bronchoscopy, fine needle biopsy, and/or surgical resection of their nodules for pathological examination. The World Health Organization classification for lung tumors was used to classify lung masses, and staging was based on the 8th edition of the TNM Classification for Lung Cancer of the International Cancer Control and the American Joint Committee on Cancer staging system.



AI Analysis Tool Development

An automated diagnostic platform comprising a deep-learning-based AI algorithm with a three-stage end-to-end deep conventional neural network (DCNNs) was developed to analyze the LDCT images of the patients. First, a 3D U-net-based DCNN was used for the patch segmentation of lung nodules to identify suspicious nodules. The LDCT images with labels were cropped in a sliding window style and feed into a 3-layer 3D U-Net segmentation model for training. Then the predicted segmentation patches were combined to generate final segmentation results. Next, the 3D patches of the suspicious nodules were forwarded to a false positive reduction network (FPRN) to discriminate the true clinically positive nodules from the false positive nodules. Then, the patches that were labeled positive were forwarded to a CNN-based classifier to determine whether the nodule was malignant or benign. This 3D U-net segmentation network was initially trained with the publicly available The Lung Image Database Consortium and Image Database Resource Initiative (LIDC-IDRI) dataset and then further trained on a dataset of about approximately 20,000 samples from hospitals in the U.S. and China with histopathological results. Through further evaluation by experienced radiologists, the patches identified by the U-net in the first stage were segmented by manually marking the true clinically positive nodules and false positive nodules. The FPRN and malignant/benign (M/B) classifier were then trained at the patch level according to the true malignancy status confirmed by pathology results (Figure 2). All networks were trained with Python 3.6 and Tensorflow 1.10 on a NVIDIA DGX station. The LDCT data of the 728 participants were saved in DICOM format and uploaded to the AI lung nodule analysis platform for analysis. After the images were analyzed, the AI model provided a risk score for developing lung cancer (ranging from 0 to 100%) and a diagnosis statement for each participant.




Figure 2 | End-to-end deep convolutional neural network-based Artificial Intelligence low-dose computed tomography analysis toll development procedures, (A) A three-dimensional (3D) U-net-based convolutional neural network was used for the segmentation of lung nodules to identify suspicious nodules; (B) the 3D patches of the suspicious nodules were cropped and forwarded to a false-positive reduction network to discriminate the true clinically positive nodules from the false-positive nodules; (C) the patches that were labeled as positive were forwarded to a convolutional neural network-based classifier to determine whether the nodule was malignant or benign.





Liquid Biopsy

To detect genetically circulating abnormal cells, we used a peripheral blood 4-color FISH assay developed to generate data for this study (23). This multiplex interphase FISH assay is composed of four DNA probes that are universally deleted in non-small cell lung cancer (NSCLC) and have been implicated in the pathogenesis of NSCLC (14, 23). This assay has previously shown a high degree of accuracy in detecting cells containing chromosomal abnormalities at 10q22.3 and 3p22.1 and in the internal control genes CEP 10 and 3q29 (14) in several studies involving the detection of early lung cancer (24). Abnormal cells that were discovered by the 4-color FISH assay were identified as intact cells with a nucleus larger than a lymphocyte nucleus and polysomy of at least two probes per nucleus. The FISH assay was performed according to the manufacturer’s instructions as previously described (Figure 3) (25).




Figure 3 | Sample process procedures of liquid biopsy via 4-color fluorescent in situ hybridization (FISH) assay. (A) Peripheral blood from patients with indeterminate or high-risk nodules. (B) The peripheral blood mononuclear cells layer was isolated after configuration. (C) The peripheral blood mononuclear cells were applied to a glass slide. (D) Hybridization with 4-color FISH probes. (E) The result of the assay, scanned with a Duet microscope system.





Statistical Analysis

Descriptive analyses of the variables are expressed as means, ranges, or numbers, expressed as percentages (%). Statistical analysis was performed using Python version 3.8.5 (Python Software Foundation, USA) and MedCalc version 19.0.4 (MedCalc Software Ltd., Ostend, Belgium). All tests were 2-sided, and statistical significance was set at p <0.05.

Receiver operating curves (ROCs) were used to determine the individual performance of AI and liquid biopsy using the 4-color FISH assay. Univariate logistic regression analyses were used to determine the individual factors associated with early lung cancer in the training cohort. Variables with p <0.05 in the univariate analysis were included in a multivariate logistic regression analysis to examine the independent predictive factors for inclusion in the early lung cancer diagnostic models with different sets of predictors. Cohen’s kappa (κ) statistic was used to measure the reliability of the individual predictors. The mean sensitivity, specificity, and area under the curve (AUC) from the 10-fold cross validation were used to determine the diagnostic power of multiple early lung cancer prediction models. Sensitivity and specificity were used to evaluate the ability of the best-performing model to classify malignancy in an independent validation cohort. AUCs were also applied to display the classification performance of the individual validation set in Model 4, the Mayo Clinic Model, and the Veteran Affairs (VA) model.




Results


Patient Characteristics

Table 1 describes the clinical characteristics of the training and independent validation cohorts according to whether the underlying pathology was benign or malignant.


Table 1 | Clinical characteristics of the study participants.





Diagnostic Performance of the AI Risk Score and Liquid Biopsy

We evaluated the diagnostic ability of the AI risk score and liquid biopsy results to discriminate between benign and malignant nodules. According to the Youden index, the AI risk score had the best performance when the threshold value was set to >71%. This threshold was associated with a sensitivity of 73.77% (95% confidence interval [CI]: 69.81–77.47%) and a specificity of 65.15% (95% CI: 58.07–71.77%) in the overall cohort.

Similarly, when the cutoff value for the number of abnormal cells was set to ≥3, the sensitivity and specificity were 78.11% (95% CI: 74.35–81.56%) and 73.23% (95% CI: 66.49–79.26%), respectively. Based on the ROC curves of both tools, the AUC was 0.740 (95% CI: 0.698–0.782) for the AI risk score and 0.765 (95% CI: 0.727–0.803) for liquid biopsy in the overall cohort (Figure 4). Weak internal validity between the AI risk score and liquid biopsy data (κ = 0.16, 95% CI: 0.072–0.247) was observed, indicating the good complementary value of the two tools in early lung cancer diagnosis.




Figure 4 | (A) The area under the curve (AUC) of AI was 0.740 in the overall cohort. (B) The AUC of liquid biopsy was 0.765 on the overall cohort. (C) The sensitivity was 82.8%, and the specificity was 80.95 in the independent validation cohort for the best performing model (model 4). (D) In the validation cohort, the areas under the curve were 0.895, 0.772, and 0.740 for model 4, the Mayo Clinic Model, and the VA model, respectively.





Relationship Between Individual Predictors and Lung Cancer

Next, individual radiological and clinical predictive factors were evaluated in a univariate logistic regression analysis using data from 560 patients in the training cohort. It was demonstrated that nodule diameter (p <0.001), nodule count (p <0.001), subsolid status (p <0.001), upper lobe location (p = 0.005), and malignant features, namely, lobulation, spiculation, vacuole sign, pleural indentation, and vessel convergence sign or other radiological malignant signs at the nodule edge (p <0.001), were independent radiological predictors of malignancy. Age (p <0.001), current smokers with 20 pack-years, or past smokers with quit time <15 years (p <0.001) were clinical characteristics that correlated with lung cancer. Both the risk score predicted by AI LDCT image analysis (p <0.001) and quantitation of abnormal cells identified by liquid biopsy (p <0.001) were strongly associated with malignancy (Table 2).


Table 2 | Univariate analyses of predictors of malignancy.





Multivariate Logistic Regression Analysis to Build Early Lung Cancer Prediction Models

Before building the early lung cancer prediction models, we applied correlation analyses to test the internal validation of the individual early lung cancer risk predictors. The correlation heat maps showed that the correlations between age, smoking, AI risk factors, liquid biopsy results, and radiological predictors that were significantly associated with malignancy in the univariate analysis were very weak (Figure 5), revealing that there was no multicollinearity association between each predictor.




Figure 5 | Correlation Heat Map of Individual Predictors in the Training Cohort.



Using multivariate logistic regression analysis based on the malignancy predictors identified using the univariate statistical method, we first built four models, each with a different set of predictors (Table 3). Next, we calculated the diagnostic powers of the four models using 10-fold cross validation. The lowest diagnostic performance was found in model 1, which comprised only radiological characteristics (diameter, nodule count, subsolid status, upper lobe location, and malignant signs at the nodule edge), with sensitivity, specificity, and AUC of 89.01% (95% CI: 82–96.03%), 62.52% (95% CI: 50.33–74.70%), and 0.769 (95% CI: 0.719–0.820), respectively. In model 2, when predictors were also consistent with radiological characteristics, with the addition of the AI risk score, there was a slight increase in the AUC to 0.791 (95% CI: 0.737–0.845), with a sensitivity of 89.18% (95% CI: 81.30–97.09%) and a specificity of 65.96% (95% CI: 53.13–78.80%). For model 3, we attempted to integrate clinical characteristics (age and smoking), radiological characteristics, and the quantitation of abnormal cells identified by the 4-color FISH test to determine the power of the risk prediction model without AI. The AUCs of model 3 achieved 0.872 (95% CI: 0.846–0.900), with 86.29% (95% CI: 77.32–95.25%) sensitivity and 83.25% (95% CI: 76.70–89.80%) specificity. The best diagnostic performance appeared to be model 4, which combined clinical and radiological characteristics, the AI risk score, and liquid biopsy results, with 89.53% (95% CI: 81.79–97.26%) sensitivity, 81.31% (95% CI: 76.43–86.18%) specificity, and an AUC of 0.880 (95% CI: 0.852–0.910), respectively (Table 3).


Table 3 | Ten-fold cross validation result of classifiers with different predictors.





Performance of the Best Model in Independent Validation Cohort & Comparison With Other Clinical Models

Based on the perimeters that we developed from the training cohort, we tested the power of the best early lung cancer prediction model that combined clinical characteristics (age and smoking), radiological characteristics (diameter, nodule count, subsolid status, upper lobe location, and malignant signs at the nodule edge), AI risk score, and liquid biopsy results of the 4-color FISH assay in the independent validation cohort (n = 168) (Table 1). This model reached 82.86% (95% CI: 74.27–89.51%) sensitivity and 80.95% (95% CI: 69.09–89.75%) specificity for classifying malignant and benign nodules. ROC calculations on model 4, the Mayo Clinic Model, and the VA model were utilized. The AUCs of model 4 were 0.895 (95% CI: 0.844–0.946) in the same cohort compared to 0.772 for the Mayo Clinic Model (95% CI: 0.696–0.848) and 0.740 (95% CI: 0.663–0.817) for the VA model (Figure 4).




Discussion

In this prospective Chinese cohort study, clinical and radiological characteristics, together with the AI risk score of LDCT image analysis and quantitation of abnormal cells detected via a 4 color FISH-based liquid biopsy assay, were used to build an early lung cancer prediction model to diagnose malignant pulmonary nodules in individuals evaluated as having an intermediate and high risk of lung cancer from outpatient clinics at 12 tertiary hospitals across China with newly diagnosed pulmonary nodules. Our study was a diagnostic study and not a screening study as the study population did not comprise a typical screening population with the set criteria according to the NLST. Instead, we focused on detecting lung cancer in individuals with intermediate and high-risk pulmonary nodules as confirmed by pathological examination following subsequent surgical resection. The training set was comprised of data from 560 patients and was used to establish the model. Subsequently, the efficacy of the model was tested in a validation study using data from a different set of 168 participants. We only included patients with pulmonary nodules ≤30 mm, which means that individuals with malignant pulmonary nodules were all diagnosed with stage IA (T1N0M0) lung cancer according to the TNM classification.

To the best of our knowledge, this may be one of the first studies to integrate AI for LDCT image analysis and liquid biopsy to build a prediction model to diagnose malignant pulmonary nodules in individuals with intermediate and high risks of lung cancer in a prospective cohort. We observed an improvement in the AUC in the ability to diagnose early lung cancer when combining the AI risk score with radiological characteristics. However, when using only this information, the sensitivity of the first two models was over 80% in the two cohorts, but the specificity rates were only between 62.52% and 65.96%. As indicated by the AUCs, model 3, which included clinical characteristics, radiological characteristics, and the liquid biopsy result, performed better than models 1 and 2, which only considered information provided by LDCT with and without the assistance of AI. The highest diagnostic value was attained in a model that combined clinical and radiological characteristics, AI analysis of LDCT data, and liquid biopsy results with over 80% sensitivity and specificity. Compared to models 1 and 2, the enhancement in specificity in models 3 and 4, which combined multiple predictors, namely, liquid biopsy data and clinical data, has the potential to reduce harmful side effects such as pneumothorax and bleeding, which may be caused by invasive biopsy, suggesting that the liquid biopsy result and LDCT may complement one another. These findings provide evidence that using a classifier with a broad range of validated predictors may improve the diagnostic accuracy for early lung cancer.

The use of AI in cancer diagnosis is gaining acceptance and has been investigated for its ability to assist physicians in early lung cancer detection. AI can assist clinicians in expediting the interpretation of different pathological diagnoses and reducing the mental fatigue caused by classifying a large number of medical images (26). With the increasing incidence of lung cancer in rural China and the lack of skilled physicians (27), AI may be an excellent tool for clinicians to use as a supplement to the interpretation of LDCT images. To date, the performance metrics of AI in diagnosing lung cancer have not been verified in either retrospective data, such as the NLST dataset (28–30), or relatively small datasets (31). This prospective study evaluated the diagnostic power of AI in a large cohort of 728 patients with validated lung cancer histopathology.

We chose the 4-color FISH assay for this study as we had previously demonstrated that this assay was superior to serum protein biomarkers such as carcinoembryonic antigen, neuron-specific enolase, and cytokeratin 19 fragment (32). Furthermore, certain assays for circulating tumor cells, circulating tumor DNA, and exosomes have been measured in research studies (33, 34); however, most of these assay technologies are insensitive to early-stage lung cancer and are not commercially available for detecting early lung cancer (35–37). The FISH-based liquid biopsy assay was approved for commercial use by the China National Medical Products Administration. The performance of the test was verified in a 10-year study conducted in the USA with an accuracy rate of 94.2% in 207 participants (107 patients with lung cancer, 26 patients with benign nodules, and 80 control participants) who were at high risk of developing lung cancer (25). Additionally, in a study conducted in China, the same assay yielded sensitivities of 66.7 and 73.0% for 339 participants with pure ground-glass nodules and mixed ground-glass nodules who were diagnosed with early NSCLC (32). The results of these studies indicate that the FISH assay is a reliable tool for early lung cancer diagnosis.

According to the American College of Chest Physicians guidelines, upper lobe location is a risk factor for lung cancer, as indicated by the Mayo Clinical Model, with an odds ratio (OR) of 2.2 (38). The OR of upper lobe location in our study was 1.750 (p = 0.005). This finding may indicate that, in the Chinese population, the presence of pulmonary nodules located in the upper lobe is associated with a higher risk of malignancy than those discovered in other lobes, even when considering the high prevalence of pulmonary nodules in the upper lobe secondary to tuberculosis. In addition, the AUC of our best performance model was 0.895 in the independent validation cohort, which was superior to that of the Mayo Clinic Model (0.772) and the VA model (0.740). These results demonstrate that it is necessary to develop an early lung cancer classifier based on data retrieved from a Chinese population.

Our study has some limitations. First, because the participants traveled from various locations in the country prior to visiting our outpatient clinics to seek help in evaluating their nodule status, we were unable to calculate the disease prevalence in the general population. Patients in China are more likely to visit tertiary hospitals in big cities after they have discovered pulmonary nodules by LDCT in their hometowns. Since electronic health records are not shared between hospitals, we cannot track back how many people went for lung cancer screening before those with an intermediate and high risk of lung cancer went to the 12 outpatient clinics in the main cities of China. Second, our study cohort was small compared to national-scale data sets, such as those derived from the NLST and the Dutch–Belgian Randomized Lung Cancer Screening Trial (NELSON), and therefore might not be representative of the early lung cancer characteristics of the entire Chinese population; however, this is a diagnostic study and not a screening study in the general population, we have included individuals with positive LDCT results and evaluated as intermediate and high-risk for lung cancer by physicians in the usual care routine.

In the future, we hope to apply this methodology in a prospective study with a larger sample size to continue to validate and refine our classifier to improve early lung cancer diagnosis. Given the high number of pulmonary nodules discovered by LDCT scans, many patients with nodules might need to wait for a long period for physicians to interpret CT images to evaluate the significance of these lung nodules. If nodules are suspicious for malignancy, these patients may require surgical excision, biopsy, or stereotaxic radiation; however, if benign, these patients should undergo serial CT scans. The use of a multivariate lung cancer prediction model as proposed herein can help relieve the patients’ anxiety by reducing the follow-up time to a definitive diagnosis if the risk score is high or delaying the follow-up time to less frequent LDCT scans if the classifier returns a low-risk score. This will help to streamline clinical decision making by physicians for a large number of patients. We believe that a noninvasive tool such as this classifier will be a good complementary tool for physicians in the assessment of early lung cancer.
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Objectives

To establish a multi-classification model for precisely predicting the invasiveness (pre-invasive adenocarcinoma, PIA; minimally invasive adenocarcinoma, MIA; invasive adenocarcinoma, IAC) of lung adenocarcinoma manifesting as pure ground-glass nodules (pGGNs).



Methods

By the inclusion and exclusion criteria, this retrospective study enrolled 346 patients (female, 297, and male, 49; age, 55.79 ± 10.53 (24-83)) presenting as pGGNs from 1292 consecutive patients with pathologically confirmed lung adenocarcinoma. A total of 27 clinical were collected and 1409 radiomics features were extracted by PyRadiomics package on python. After feature selection with L2,1-norm minimization, logistic regression (LR), extra w(ET) and gradient boosting decision tree (GBDT) were used to construct the three-classification model. Then, an ensemble model of the three algorithms based on model ensemble strategy was established to further improve the classification performance.



Results

After feature selection, a hybrid of 166 features consisting of 1 clinical (short-axis diameter, ranked 27th) and 165 radiomics (4 shape, 71 intensity and 90 texture) features were selected. The three most important features are wavelet-HLL_firstorder_Minimum, wavelet-HLL_ngtdm_Busyness and square_firstorder_Kurtosis. The hybrid-ensemble model based on hybrid clinical-radiomics features and the ensemble strategy showed more accurate predictive performance than other models (hybrid-LR, hybrid-ET, hybrid-GBDT, clinical-ensemble and radiomics-ensemble). On the training set and test set, the model can obtain the accuracy values of 0.918 ± 0.022 and 0.841, and its F1-scores respectively were 0.917 ± 0.024 and 0.824.



Conclusion

The multi-classification of invasive pGGNs can be precisely predicted by our proposed hybrid-ensemble model to assist patients in the early diagnosis of lung adenocarcinoma and prognosis.





Keywords: adenocarcinoma of lung, pure ground-glass nodule, computer-assisted diagnosis, neoplasm invasiveness, early diagnosis, prognosis



Introduction

At present, with the widespread clinical application of computed tomography (CT) and the popularity of early lung cancer screening, more and more ground-glass nodules (GGNs) are detected. GGN is a nodule showing hazy increased density on thin-slice CT, with preservation of bronchial and vascular margins (1, 2). According to whether there are solid components in the lesion, GGN can be further divided into pure GGN (pGGN) and part-solid GGN. The appearance of a persistent invasive pGGN may suggest a high risk of early malignant tumor, so distinguishing the invasiveness of pGGNs is critical. A pathological classification was established in 2011 with respect to the degree of invasion: atypical adenomatous hyperplasia (AAH), adenocarcinoma in situ (AIS), minimally invasive adenocarcinoma (MIA) and invasive adenocarcinoma (IAC) (3).

In general, the tumor doubling time of pre-invasive adenocarcinoma (PIA, namely AAH/AIS) can reach more than two years, and through partial resection, the 5-year survival rate of patients can reach 100% (4–7). For MIA, sublobectomy or lobectomy is commonly used, and the 5-year survival rate is close to 100%. For IAC, unless the lesion diameter is less than 2 cm or the ground-glass component is greater than 75%, the 5-year survival rate is only 60%-80% even if lobectomy and lymph node dissection are performed. Therefore, the preoperative differentiation of PIA, MIA and IAC appearing as pGGNs is very important for clinical decision making.

At present, the invasiveness of pGGNs is usually diagnosed clinically based on conventional qualitative and quantitative CT parameters that can be recognized by radiologists with naked eyes, such as the average CT value, lesion size, lobulation and spiculation et al. (8–11). However, the recognition of these features largely depends on the experience of radiologists, which is subjective and time-consuming. Radiomics, as an emerging technology, transforms medical images into quantitative data and then extracts many quantitative features that can be used to accurately and quickly evaluate tumor characteristics (12). It has the advantages of strong explanation and more stable performance on a large number of small-scale medical data sets. At present, it is still widely studied in the field of clinical computer-aided detection (CAD). The domain of investigation in radiomics consists of large-scale radiological image analysis and association with biological or clinical endpoints such as differential diagnosis, survival time prediction, disease metastasis prediction and so on (13–15). Many studies have confirmed that radiomics had high clinical application value in the invasiveness classification of lung adenocarcinoma manifesting as GGNs (2, 16–19). Our previous research also established an efficient clinical-radiomics model to classify the invasiveness of pGGNs (20). However, current studies mainly predicted the invasiveness of lung adenocarcinoma as invasive or non-invasive, and multi-classification studies with more clinical application value were rarely conducted to distinguish the degree of invasion in more detail.

Therefore, this study aims to use quantitative imaging and clinical semantic features to establish a multi-classification radiomics model that can accurately predict different invasion grades (PIA, MIA, IAC) of pGGNs, and assist patients in the early diagnosis of lung cancer and prognosis. We used a large number of clinical features provided by radiologists and radiomics features extracted from CT images. The model ensemble strategy can integrate results obtained from multiple classifiers, and has been proven to obviously improve classification and generalization performance in various research fields (21, 22). So in this work, we introduced this strategy to integrate the classification results of three algorithms, and finally constructed a multi-classification model to effectively distinguish the degree of invasion for pGGNs. The framework of our proposed model is shown in Figure 1.




Figure 1 | The framework of ensemble multi-classification model based on hard voting. It includes volumes of interest (VOIs) segmentation, clinical feature collection and radiomics feature extraction, division of training set and test set, data expansion on the training set, feature selection, parameter training of three models, model ensemble with the hard voting and model performance testing.





Methods and Materials


Patients

Our study was approved by the institutional review board (No. S-K1061), and informed consent was waived. This retrospective study reviewed the CT images of lung adenocarcinoma patients confirmed by the surgical pathology of Peking Union Medical College Hospital from November 2016 to August 2020. The inclusion criteria were as follows: (1) CT examination within one month before surgery; (2) isolated nodules with pure GGN Section (maximum long-axis diameter < 3 cm); (3) Tumor lesions in the clinical stage of T1N0M0. The exclusion criteria were as follows: (1) Radiotherapy or chemotherapy before CT examination; (2) pGGNs with very small size (maximum long-axis diameter < 3 mm). The demographic and clinical data (such as gender, age, smoking history, etc.) of patients were also recorded.



Image Acquisition

Non-contrast enhanced chest CT scans were carried out using multidetector CT scanners from Siemens (Somatom Definition Flash or Somatom Force), General Electric (Discovery CT750 HD), Philips (IQon CT) or Toshiba (Aquilion 64). Breath-hold training was carried out before each examination. The following scanning parameters were used: slice thickness/slice increment 1 mm, 0.625 mm or 0.5 mm; rotation time 0.5 or 0.6 second; pitch 0.984 or 1.2; matrix 512*512; field of view (FOV): 350 mm; standard algorithm reconstruction; tube voltage 120 kVp, tube current adjusted automatically.



Volumes of Interest (VOIs) Segmentation

The anonymized thin-slice CT images (≤1 mm, DICOM format) was delineated and segmented on lung window (window width, 1200 HU; window level, -500 HU) using ITK-SNAP (www.itk-snap.org). Two radiologists (with 15 and 4 years of experience in chest CT image interpretation) manually segmented the nodules slice by slice, both of them were blinded to the clinical data of each subject. Finally, segmentation results were output as three-dimensional VOI files (NRRD format) for subsequent feature extraction.



Radiomics Feature Extraction

A total of 1409 radiomics features were extracted from the three-dimensional VOI of each tumor by PyRadiomics package (version 2.1.2) (23) on python (version 3.7.1). We extracted three categories consisting of 1409 radiomics features (Figure 2): (I) Tumor shape features (n = 14). They were used to quantify the degree of regularity of tumor volume shape, and all 14 features were only from the original image. (II) Tumor intensity features (n = 270). They included 18 original image features and 252 filtered image features to describe the overall density information of each tumor volume. Each original image feature was recalculated through 14 filters, so 252 filtered image features were obtained (18 * 14 = 252). (III) Tumor texture features (n = 1125). They were used to describe the heterogeneity within the tumor volume by gray level co-occurrence matrix (GLCM, n = 336), gray level run length matrix (GLRLM, n = 224), gray level size zone matrix (GLSZM, n = 224), gray level dependence matrix (GLDM, n = 196) and neighbourhood gray-tone difference matrix (NGTDM, n = 70). Among them, there were 75 features from the original image (GLCM = 24, GLRLM = 16, GLSZM = 16, GLDM = 14, NGTDM = 5). Similar to the intensity features, original texture features were also calculated through 14 filters, and a total of 1050 filtered features were obtained (75 * 14 = 1050).




Figure 2 | The type description of 1409 radiomics features. A total of 1409 features consisting of intensity, shape and texture features are extracted from the original images and filtered images. A total of 14 filters are used to calculate the original intensity and texture features, respectively.





Data Division and Expansion

In this work, a total of 346 pGGNs were randomly assigned to the training set (n = 277) and test set (n = 69) at a ratio of 8:2. Due to the existing problem of data imbalance (PIAs: MIAs: IACs = 88: 71: 118) on the training set, the synthetic minority oversampling technique (SMOTE) was used to expand and balance the number of samples (24). It is a commonly used data augmentation technology to deal with unbalanced data, by calculating the Euclidean distance between samples and then inserting new samples to original dataset automatically. On the training set, the 277 cases of three categories was expanded to 606 cases (PIAs: MIAs: IACs = 202: 202: 202), in which the ratio of the three categories was 1:1:1. The cases on the test set (PIAs: MIAs: IACs = 21: 18: 30) must maintain independence and no data expansion.



Feature Selection

After collecting 27 clinical features and extracting 1409 radiomics features, a total of 1436 hybrid clinical-radiomics features were obtained. Since a large number of redundant features could reduce the classification effect and cause the model to be highly complex, this study used the L2,1-norm minimization (25) for feature selection. The total 1436 features were first sorted from high to low according to their importance (weight coefficients) to the classification label (26), and then the top features were selected to participate in the classification. The number of selected features was determined according to the classification results of 10-fold cross-validation (27) on the training set.



Construction of Multi-Classification Models

In this study, we first respectively used logistic regression (LR), extra trees (ET) and gradient boosting decision tree (GBDT) algorithms to construct the three-classification model for predicting the invasiveness of pGGNs based on the selected hybrid clinical-radiomics features. Furthermore, in order to improve the classification performance, we adopted the model ensemble strategy of hard voting (22) to integrate the prediction results of the three algorithms. In addition, we also used independent clinical features and independent radiomics features to respectively construct ensemble models of the three algorithms as the comparisons. These algorithms were implemented by the scikit-learn package (version 0.23.2), and all model training process was completed on python 3.7.1. The 10-fold cross-validation and grid search were used to find optimal hyperparameters on the training set, and then the manual fine-tuning process was executed.



Statistical Methods

The performances of all multi-classification models were quantitatively evaluated by the precision, recall, F1-score, accuracy on the training set and the independent test set:

	

	

	

	

where TP, TN, FP and FN stand for true positive, true negative, false positive and false negative, respectively. And all evaluation metrics were performed in the scikit-learn package. The above evaluation indicators of multi-classification can be directly calculated through python (version 3.7.1). Other simple data recording and calculation were done using Excel 2016 (Microsoft Corp., Seattle, WA, USA). And the statistical significance of t-test was set at p < 0.05.




Results


The Result of Patient Screening

In this study, a total of 1292 consecutive patients with pathologically confirmed lung adenocarcinoma presenting as ground glass opacity (GGO) nodules on thin-slice CT at our hospital (2016/11-2020/08) were initially collected. By inclusion criteria, 630 patients were obtained and then further screened by exclusion criteria (Figure 3). Finally, 346 pGGNs met the standard. All pGGNs were confirmed by experienced radiologists as AAH (n = 29), AIS (n = 80), MIA (n = 89), or IAC (n = 148).




Figure 3 | Flowchart of patient enrollment and exclusion criteria of data set. Numbers in parentheses are the numbers of pGGNs. GGO, ground glass opacity nodule.





Patients and Clinical Features Collection

The clinical features collected by the research include 4 basic clinical features from medical records and 15 conventional CT features, as shown in Table 1. This study used one-hot encoding to quantitatively process clinical features. One-hot encoding is a data processing method that converts qualitative disordered data into quantitative ordered data (28). The main idea is to use multiple state registers to encode multiple states, so that each state has an independent register, and only one digit is valid at any time (29). After one-hot encoding, 19 original clinical features were converted into 27 usable features. The cases in the training set and the test set do not show significant differences in all clinical features.


Table 1 | Clinical features of 346 patients on the training set and test set.





The Result of Feature Selection

This multi-classification research used the L2,1-norm minimization and logistic regression algorithm to perform feature selection from the 1436 hybrid clinical-radiomics features on the training set. As shown in Figure 4, the average accuracy and standard deviation values corresponding to the number (1 ≤ n ≤ 300) of selected features were calculated by 10-fold cross-validation. It could be seen that when the number of selected features was 166, the highest accuracy value (0.931 ± 0.026) with a small standard deviation was obtained on the training set, so these 166 features could form an effective feature set for distinguish the degree of invasion for pGGNs. The detailed results of feature selection are shown in Supplementary Table S1.




Figure 4 | Feature selection of hybrid clinical-radiomics model using L2,1-norm minimization and logistic regression algorithm. The horizontal axis is the number of selected features (1 ≤ n ≤ 300). The vertical axis shows the corresponding average accuracy value of 10-fold cross-validation on the training set, and the gray area is the standard deviation. When the feature number is 166, the maximum accuracy value is obtained with the small standard deviation.





Analysis of Selected Features

The weight coefficients of top 10 features are shown in Figure 5A, and the complete weight coefficients of all 166 features are listed in Supplementary Table S2. The three most important features with the highest weight coefficients are wavelet-HLL_firstorder_Minimum (0.568), wavelet-HLL_ngtdm_Busyness (0.542) and square_firstorder_Kurtosis (0.476).




Figure 5 | Feature analysis. (A) Histogram showing the weight coefficients of top 10 features within selected 166 hybrid features; (B) Description about category names, numbers and percentages of the 166 features; (C) The average weight coefficient of every category for the selected 166 features (There is only one clinical feature, so its p value cannot be calculated. No significant differences are found among other categories).



As shown in Figure 5B, the 166 selected features include 1 clinical feature (clinical short-axis diameter, ranked 23th) and 165 radiomics features. There are 4 (2%), 71 (43%) and 90 (55%) radiomics features from the tumor shape, intensity and texture features, respectively. Among the 90 tumor texture features, GLCM (n = 18), GLDM (n = 23), GLRLM (n = 18), GLSZM (n = 26) and NGTDM (n = 5) are all clearly present. We further analyze the importance of different categories of the selected 166 features through the average weight coefficient, as shown in Figure 5C. There is only one clinical feature, so its p value cannot be calculated. Among other radiomics categories, the features of intensity, texture GLDM, texture GLSZM and texture NGTDM show higher average weight coefficients than other feature categories, but no significant differences are found. Therefore, it can be considered that each feature category plays an important role for the multi-classification of invasiveness of pGGNs. The Figure 6 shows the specific CT images of short-axis diameter with different invasion levels (AAH, AIS, MIA and IAC).




Figure 6 | Examples of short-axis diameter (the vertical diameter of the longest diameter of the largest cross-section) (mm) for the four levels of invasion. We found that it is the only clinical feature in the 166 selected features used by the proposed hybrid-ensemble model. From left to right: atypical adenomatous hyperplasia (AAH), 6.54 mm; adenocarcinoma in situ (AIS), 4.00 mm; minimally invasive adenocarcinoma (MIA), 10.00 mm; invasive adenocarcinoma (IAC), 17.39 mm.





Predictive Performance of Multi-Classification Models

In this study, in order to distinguish among PIAs, MIAs and IACs, we respectively used three machine learning algorithms (LR, ET and GBRT) based on hybrid clinical-radiomics features to construct three multi-classification models. The three models were named hybrid-LR, hybrid-ET and hybrid-GBDT. We further integrated the results of three algorithms to obtain a hybrid-ensemble model through the model ensemble strategy. In addition, we also carried out the feature selection process from independent clinical features or radiomics features, as shown in Figure S2. Then we respectively constructed the clinical-ensemble model and radiomics-ensemble model based on the selected 20 clinical features and 275 radiomics features. Therefore, a total of 6 models were constructed, and their prediction confusion matrices on the test set are shown in Figure 7. It can be observed that the prediction performance of the six models for PIAs and IACs is better than MIAs, and the misclassified MIAs are more likely to be predicted as IACs than PIAs. The hybrid-ensemble model correctly classified more pGGNs on the test set compared to other five models. It could distinguish between the PIAs and IACs perfectly (There is no misclassification between the PIAs and IACs), and their wrong predictions were all classified as MIAs. For the hybrid-ensemble model, most of the misclassified cases (n = 6) of MIAs were predicted to be IACs, and only one MIA was incorrectly predicted as PIA.




Figure 7 | The confusion matrices of various models on the test set. LR, logistic regression; ET, extra trees; GBDT, gradient boosting decision tree. (A–C) Three algorithms (LR, ET, GBDT) with hybrid clinical-radiomics features; (D–F) Clinical model, radiomics model and hybrid clinical-radiomics model based on model ensemble of the three algorithms.



For the 6 models, Table 2 quantitatively lists their sensitivities of different invasion levels and overall classification accuracies on the training set and test set. Consistent with what is observed in Figure 5, the hybrid-ensemble model shows the strongest predictive performance among all 6 models. On the training set and test set, it obtained the F1-scores of 0.917 ± 0.024 and 0.824, and its accuracy values respectively were 0.918 ± 0.022 and 0.841. That indicated that the model ensemble strategy and hybrid clinical-radiomics features are important to improve the three-classification performance.


Table 2 | The comparison of classification performance using different feature groups and algorithms.






Discussion

In this study, we collected 27 clinical features and extracted 1409 radiomics features from each tumor three-dimensional VOI. After feature selection, we selected an effective feature set consisting of 166 features from the 1436 hybrid clinical-radiomics features. Based on the 166 hybrid features, we used three machine learning algorithms (LR, ET and GBDT) to construct three multi-classification models to distinguish the different invasion levels (PIA, MIA and IAC) of pGGNs. We further integrated the results of three algorithms to obtain a hybrid-ensemble model through the model ensemble strategy. Finally, we successfully constructed a multi-classification model to effectively distinguish different degrees of invasion for pGGNs. The proposed hybrid-ensemble model achieved the F1-score of 0.824 and an accuracy value of 0.841 on the independent test set, showing promising classification performance.

A precise diagnosis of the tumor invasion status is very important to guide individualized therapy in clinical practice. Early-stage lung adenocarcinoma often presents as GGN and has atypical features, which makes the differential diagnosis of the adenocarcinoma subtypes more difficult. Therefore, auxiliary identification by radiomics is necessary for early detection and prognosis of patients. Current researches mainly predicted the invasiveness of lung adenocarcinoma as invasive or non-invasive (2, 16–20, 30–33), and the multi-classification studies were rarely conducted to distinguish the degree of invasion in more detail. Our study attempted the three-classification of aggressive pGGNs, which is more meaningful.

Through the quantitative analysis of CT images, radiomics could objectively reflect both the attenuation and dispersion of gray level intensity, which might not be evident in direct visual assessments. Recent studies have shown that intensity and texture radiomics features are useful for predicting the invasiveness of lung adenocarcinoma presenting as GGNs (17, 18). This finding is consistent with our study, as the machine learning feature selection procedure selected 71 (43%) intensity and 90 (55%) texture features to establish the hybrid-ensemble model. In addition, in total 166 features were selected, of which only one clinical feature (short-axis diameter, ranked 23th). It meant that the short-axis diameter was the most important parameter for the invasive classification of pGGNs among the 27 clinical features. We found that in general, lung nodules with large short-axis diameter have the higher degree of invasion. Compared with the maximum long-axis diameter, the short-axis diameter implies a longer diameter in the vertical direction, which represents more nodule size information. Previous studies (16, 30–32) found that the size (usually quantified by area) of the nodule is an important parameter for assessment of lung adenocarcinoma invasiveness, which is somewhat consistent with short-axis diameter. However, we believe that the short-axis diameter may be more advantageous in some respects, as it contains information about the shape of the nodule in addition to its size.

Previous studies tried hybrid clinical-radiomics features to build radiomics models, and the results showed that this is effective for more accurate classification (2, 20, 33). Our study also demonstrated this, using the joint 1436 features make the hybrid-ensemble model perform better than clinical-ensemble and radiomics-ensemble. In addition, we further introduced the model ensemble strategy, which has not been tried by researchers before, and our model comparison experiments showed that this strategy is also very effective. For the proposed hybrid-ensemble model, the classification performance of MIAs is slightly low, similar to the fact that it is more difficult for clinicians to distinguish MIAs in actual clinical diagnosis, which may be because MIAs are of the intermediate degree of invasion. We further found that most of the misclassified cases of MIAs were predicted to be IACs, which means that these two grades were more difficult to be distinguished. In addition, the hybrid-ensemble model had no misclassification to distinguish between IACs and PIAs, showing its potential clinical application value.

This study has several limitations. First of all, this is a single-center retrospective study, and a multi-center study is better to be conducted to further evaluate the model performance. Second, relying only on the radiologists to manually delineate and segment the region of interest is more time-consuming and subjective, and reliable and automatic methods are essential to simplify the complex procedures.

In conclusion, this study used the short-axis diameter parameter and 165 radiomics features to construct a multi-classification model for precisely predicting the invasiveness of lung adenocarcinoma with pGGNs. We found that short-axis diameter was the most important parameter among 27 clinical features. The hybrid-ensemble model based on hybrid clinical-radiomics features and model ensemble strategy had better predictive performance, and could have a promising clinical application value.
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Objectives

To investigate the relationship between obesity status and perioperative outcomes in elderly patients undergoing thoracoscopic anatomic lung cancer surgery.



Methods

From January 2016 to December 2018, we performed a monocentric retrospective cohort study among 4164 consecutive patients aged 65 years or older who underwent thoracoscopic anatomic lung cancer surgery at Shanghai Chest Hospital. Two groups were stratified by body mass index (BMI): nonobese (BMI<28kg/m2) and obese status (BMI≥28kg/m2). Using a 1:1 propensity score matching (PSM) analysis to compare perioperative outcomes between two groups.



Results

4035 older patients were eventually enrolled, with a mean age of 69.8 years (range: 65-87), and 305 patients were eligible for obese status, with a mean BMI of 29.8 ± 1.7kg/m2. Compared with nonobese patients, obese patients were more likely to have higher rates of intraoperative hypoxemia (1.2% vs 3.9%, P=0.001) and new-onset arrhythmia (2.3% vs 4.3%, P=0.034). The difference in intraoperative transfusion and conversion rates and postoperative outcomes regarding pulmonary complications, new-onset arrhythmia, transfusion, length of hospital stay, 30-day readmission and hospitalization costs between two groups were not significant (P>0.05). After a 1:1 PSM analysis, the difference in both intraoperative and postoperative complications among two groups were not significant (P>0.05). In subgroup analysis, patients with BMI≥30kg/m2 had a similar incidence of perioperative complications compared to patients with BMI between 28 and 30 kg/m2 (P>0.05).



Conclusions

Our research data support evidence for “obesity paradox” and also contribute the growing body of evidence that obesity in older patients should not exclude candidates for thoracoscopic anatomic lung cancer surgery.
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Introduction

Over the last few decades, the prevalence of obesity has shifted dramatically (1, 2), and obesity-related metabolic diseases such as hypertension, diabetes and hyperlipidemia have also gradually increased (3–5), becoming a worldwide health problem. Currently, obesity-related cancer rates have become a focus of concern, although the effect varies widely depending on the types of cancer (4, 6–9). Among these types, an inverse relationship between obesity and lung cancer risk has been reported in previous studies (6–9). And the biological mechanisms underlying the major role of obesity in chronic inflammation and carcinogenesis have also been extensively evaluated (4, 10–12).

Indeed, the proportion of overweight and obese lung cancer patients undergoing lung surgery has increased during the last decades (13, 14). Besides, obesity-related preoperative comorbidities increase the risk of perioperative surgical complications, mutually reinforcing (15–17). Additionally, obesity characterized by substantial girth and excess mediastinal fat has a profound impact on the technical issues during the procedure, especially in minimally invasive surgery (MIS) (18, 19). Moreover, with the aging of society, the influence of obesity on perioperative outcomes is further complicated by the specific attributes of elderly surgical patients, such as frailty, cognitive decline, impaired preoperative pulmonary function and tissue fragility (20, 21).

Recently, a retrospective study conducted by Tabatabai and colleagues showed that obesity class II-III had prognostic value in predicting increased rates of postoperative complications, prolonged length of hospital stay and no-home discharge locations in elderly patients undergoing spine, hip, and knee procedures (22). Up to now, there was no literature about the influence of obesity on perioperative outcomes in elderly patients during thoracoscopic anatomic lung cancer surgery. In the present study, by reviewing a large sample of clinical data, we aimed to evaluate the relationship of obesity to perioperative outcomes in thoracoscopic anatomic lung cancer surgery.



Materials and Methods


Study Design and Patients

From January 2016 to December 2018, we performed a monocentric retrospective cohort study based on a prospectively collected database, including 4164 consecutive patients aged 65 years or older who underwent thoracoscopic anatomic lung cancer surgery. Excluded patients were described in the flow diagram (Figure 1). 4035 elderly patients were enrolled in the final analysis. The Institutional Review Board (IRB) of Shanghai Jiao tong University, Shanghai Chest Hospital (IS21119) approved this study and waived the need for informed consent.




Figure 1 | Patient flowchart.





Anesthesia Protocol

All patients were routinely monitored by electrocardiogram, pulse oximetry, non-invasive blood pressure (NIBP) and capnography. Radial artery intubation and right internal jugular central venous catheterization (CVP) were used to monitor invasive blood pressure (IBP). For thoracic paravertebral blockade (TPVB), 20 mL 0.5% ropivacaine was injected to the T4-T5 by the experienced anesthesiologist under the guidance of ultrasound before surgery. Intraoperative lung protective ventilation (LPV) strategies consisted of low-tide ventilation based on ideal body weight (≤8mL/kg), PEEP=5cmH2O, lung recruitment and maintenance of airway pressure <30cmH2O. Extubation was performed in the operating room or post anesthesia care unit (PACU) for all suitable patients. All patients treated with patient-controlled analgesia (PCA) pump, including sufentanil1.0 μg/kg + desoxocin 0.4mg/kg.



Technique of Operation

Since 2016, the high-volume center of Shanghai Chest Hospital has performed nearly 10,000 lung operations annually, of which thoracoscopic surgery accounts for more than 80 percent. All possible thoracoscopic surgery was determined by the participating surgeons based on the individual patient’s preoperative evaluation. For all patients, thoracoscopic anatomic lung resection plus systematic lymph node dissection were considered as the best treatment for primary lung cancer.



Data Collection and Definition

Perioperative clinical data were prospectively pooled from our institution’s electronic medical system, enrolling patient’s baseline and intraoperative characteristics, and perioperative outcomes including hypoxemia, transfusion, new-onset arrhythmia, conversion to thoracotomy, pulmonary complications, length of hospital stay (LOS), 30-day readmission and hospitalization costs. Hypoxemia was defined as SpO2<90% for more than 10 consecutive minutes. Postoperative pulmonary complications (PPCs) refer to the European Perioperative Clinical Outcome (EPCO) (23). According to the 2014 Guidelines of the American Association of Thoracic Surgeons (AATS) (24), perioperative new-onset arrhythmia included incidents of atrial fibrillation (AF) and atrial flutter. The 30-day readmission included in the analysis was an unplanned return to the hospital due to various postoperative complications.

We classified the obesity status according to the body mass index (BMI, weight in kilograms divided by height in meters squared) of the Guidelines for Prevention and Control of Overweight and Obesity in Chinese Adults (25). Two groups were stratified by BMI: nonobese (BMI<28kg/m2) and obese status (BMI≥28kg/m2). In subgroup analysis, the perioperative outcomes between patients with obesity class I (28kg/m2 ≤BMI<30kg/m2) and obesity class II (BMI≥30kg/m2) were investigated.



Statistical Analysis

Data was tested for normal distribution with Q-Q plot. Continuous variables were compared between nonobese and obese patients using Two independent sample t-test or Mann-Whitney U test. Categorical variables were compared with Chi-square test or Fisher exact test, depending on the sample size. To reduce the selection bias and other potential confounding effects, we performed a 1:1 propensity score matching (PSM) analysis using a caliper size of 0.01 to compare perioperative outcomes between two cohorts. All pre-, intraoperative variables and surgical year were included in the PSM analysis. Standardized mean difference (SMD) between two cohorts on all covariables after matching was calculated, with differences of <10% indicating adequate balance in the matched cohort. Statistical analysis was performed using the SPSS 26.0 software (IBM Corp., Armonk, NY, USA). R version 4.1.2 was used with the tableone, ggplot2, reshape2, survey and Matching packages. P-value<0.05 was considered statistically significant.




Results


Study Cohort

From January 2016 to December 2018, 4035 older patients with a mean age of 69.8 years (range: 65-87) underwent thoracoscopic anatomical lung cancer surgery, of which 17.6% (712 out of 4035) underwent segmentectomy resection and 82.4% (3323 out of 4035) underwent lobectomy resection, and 17.6% (305 out of 4035) were eligible for obese status, with a mean BMI of 29.8 ± 1.7kg/m2 (Figure 1). The BMI distribution of all enrolled patients were depicted in Figure 2.




Figure 2 | Body mass index distribution.



Patients with obese status had a higher American Society of Anesthesiologists (ASA) classification (III/IV, 23.3% vs 16.3%, P=0.007), and increased rates of hypertension (16.1% vs 11.8%, P=0.03) and diabetes mellitus (10.2% vs 6.7%, P=0.022), and better preoperative lung function (FEV1/FVC, 105.2 ± 8.3 vs 100.9 ± 9.9, P<0.001; DLCO%, 96.7 ± 17.9 vs 90.5 ± 17.8, P<0.001) when compared with their counterparts. Additionally, patients developed with obese status required longer operative time (108.5 ± 40.1 vs 102.4 ± 39.5mins, P=0.009) compared with nonobese patients (Tables 1, 2).


Table 1 | Baseline characteristics stratified by BMI.




Table 2 | Intraoperative characteristics stratified by BMI.





Perioperative Outcomes Between Two Cohorts Before and After a 1:1 PSM

Compared with nonobese patients, the rates of intraoperative hypoxemia (1.2% vs 3.9%, P=0.001) and new-onset arrhythmia (2.3% vs 4.3%, P=0.034) were higher in obese patients (Table 3). The differences among intraoperative transfusion, conversion rates and postoperative outcomes including pulmonary complications, new-onset arrhythmia, transfusion, LOS, 30-day readmission and hospitalization costs were not significant (Table 3). After a 1:1 PSM analysis, all patient characteristics were comparable in two cohorts (Tables 4, 5). We investigated perioperative outcomes in 408 patients (204 pairs), the differences in both intra- and postoperative complications were not significant (Table 6). In subgroup analysis, the perioperative outcomes between patients with obesity class I and obesity class II were explored. When all perioperative data were comparable (Supplementary Tables S1, S2), we found that higher severity of obesity did not increase the incidence of perioperative complications (Supplementary Table S3).


Table 3 | Intra- and postoperative complications stratified by BMI.




Table 4 | Baseline characteristics stratified by BMI after a 1:1 PSM.




Table 5 | Intraoperative characteristics stratified by BMI after a 1:1 PSM.




Table 6 | Intra- and postoperative complications stratified by BMI after a 1:1 PSM.






Discussion

305 older patients who underwent thoracoscopic anatomical lung cancer surgery were eligible for obese status. Our study found that elderly obese patients had similar rates of perioperative complications compared to nonobese patients, and that the severity of obesity was unlikely to increase the incidence of adverse outcomes. Therefore, obesity status among elderly patients should not be a hindrance to preoperative evaluation and surgical planning during thoracoscopic anatomic lung cancer surgery.

The World Health Organization (WHO) (26) has recommended BMI cutoff points for underweight(<18.5kg/m2), normal weight (18.5 to 24.9kg/m2), overweight (25 to 29.9 kg/m2) and obesity (>30kg/m2) to predict health risks, including risk of all cancer types and non-cancer diseases. However, whether the criteria applied to Asian populations remains controversial (25, 27, 28). The BMI classification criteria for obesity in this investigation by referring to the Guidelines for Prevention and Control of Overweight and Obesity in Chinese Adults, which may be more suitable for clinical studies in Chinese population.

MIS has been established to improve perioperative adverse outcomes, especially in patients at high risk such as elderly and obese patients, with regard to the standard open approaches (13, 29). Presumably, the proportion of elderly patients with elevated BMI undergoing thoracic surgery will constantly increase in the future (13, 14, 19). Intuitively, it seems that longer operative time, reduced mobility, impaired diaphragm movement, and obesity-related comorbidities should be associated with an increased risk of lung resection. Therefore, it is mandatory to fully understand the influence of obesity on perioperative outcomes of elderly patients.

In terms of intraoperative complications, although before a 1:1 PSM, obese patients developed higher rates of hypoxemia and new-onset arrhythmia, but had comparable transfusion, conversion rates and operative time compared with nonobese patients, and none of these differences were significant after PSM. Our previous published literature echoed these results and did not find that elevated BMI was associated with high rates of intraoperative conversion and new-onset arrhythmia (30, 31). Similarly, Guerrera has evaluated the impact of morbidly obesity on perioperative clinical outcomes after thoracoscopic lobectomy and found that obese patients did not increase conversion rates, blood loss and surgical time (32). Conversely, a few studies have shown that obesity was associated with increased operative time (33).

Our research results may also provide the evidence for the “obesity paradox” in elderly patients undergoing thoracoscopic anatomic lung cancer surgery, which has been widely reported in published documents (14–17). The postoperative complications regarding pulmonary complications, new-onset arrhythmia, transfusion, LOS, 30-day readmission and hospitalization costs were not significant between obese and nonobese patients. Ferguson et al. showed that being overweight or obese did not increase the risk of postoperative complications in any category after major lung resection (34). Also, Thomas et al. conducted a retrospective cohort study of 19,635 patients undergoing lobectomy for primary lung cancer and concluded that obesity was not associated with increased incidence of postoperative complications, except for cardiovascular complications and had a statistical protective effect regarding surgical complications (35). Moreover, a systematic review with meta-analysis demonstrated that overall morbidity and in-hospital mortality were significantly decreased in obese patients (36).

Our investigation also assessed the effect of obesity severity on perioperative outcomes in older patients and found that the difference was not significant between the obesity class I and obesity class II. And the results were consistent with other published researches (14, 32). A retrospective study conducted by Williams using Society of Thoracic Surgeons General Thoracic Surgery Database indicated that overweight and obese class I to II patients had a lower risk of pulmonary complications and any postoperative events (14). In contrast to the results of our present study, Zogg (37) and De Oliveira’s (38) research showed that obese class II and III patients experienced marginally increased odds of morbidity and an increased risk of pulmonary complications, respectively. The variability of results may be related to the fact that high BMI does not distinguish between body composition phenotypes that have important effects on surgical risk and outcomes (39). Relying on BMI augmentation categories alone to assess the surgical risk of major lung resection is fraught with challenges.

Potential shortcomings of this study include as follows. First, as a retrospective study based on a prospectively collected database, it has the inherent design biases. Besides, single-institute study has specific generalization limitations. Second, due to the limited granularity of postoperative care data, some poor outcomes, such as pain control (40), other surgical complications and mortality, could not be pooled in this study. Third, the relationship between obesity and long-term outcomes needs further investigation (41, 42).



Conclusions

By conducting a monocentric retrospective cohort study of 4035 elderly patients receiving thoracoscopic anatomic lung cancer surgery, our study found that obesity status and obesity severity dose not increase perioperative adverse outcomes. Even among older patients, these data support evidence for “obesity paradox”. These data also contribute the growing body of evidence that obesity in older patients should not exclude candidates for thoracoscopic anatomic lung cancer surgery.
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Background

This study aimed to develop an artificial neural network (ANN) model for predicting synchronous organ-specific metastasis in lung cancer (LC) patients.



Methods

A total of 62,151 patients who diagnosed as LC without data missing between 2010 and 2015 were identified from Surveillance, Epidemiology, and End Results (SEER) program. The ANN model was trained and tested on an 75/25 split of the dataset. The receiver operating characteristic (ROC) curves, area under the curve (AUC) and sensitivity were used to evaluate and compare the ANN model with the random forest model.



Results

For distant metastasis in the whole cohort, the ANN model had metrics AUC = 0.759, accuracy = 0.669, sensitivity = 0.906, and specificity = 0.613, which was better than the random forest model. For organ-specific metastasis in the cohort with distant metastasis, the sensitivity in bone metastasis, brain metastasis and liver metastasis were 0.913, 0.906 and 0.925, respectively. The most important variable was separate tumor nodules with 100% importance. The second important variable was visceral pleural invasion for distant metastasis, while histology for organ-specific metastasis.



Conclusions

Our study developed a “two-step” ANN model for predicting synchronous organ-specific metastasis in LC patients. This ANN model may provide clinicians with more personalized clinical decisions, contribute to rationalize metastasis screening, and reduce the burden on patients and the health care system.





Keywords: machine learning, artificial neural network, SEER, metastasis, lung cancer



Introduction

Lung cancer (LC) is one of the most commonly diagnosed malignancy as well as the leading cause of cancer-related death both in males and females worldwide (1, 2). Approximately 30-40% of LC patients present with distant metastasis (DM) at the time of diagnosis (3–5). And distant metastasis is responsible for a large morbidity and mortality burden among LC patients (6, 7). The most common metastatic site is bone, followed by liver, brain and adrenal gland (8, 9). Distant metastasis is closely related to treatment decisions and clinical outcomes. Therefore, it is important to identify and diagnose distant metastasis in the early period.

Computed tomography (CT), magnetic resonance imaging (MRI), single-photon emission computed tomography (SPECT) and positron emission tomography/computed tomography (PET/CT) are the common techniques to screen the distant metastasis in LC patients. However, routine DM screening to all LC patients is controversial because of low detection rate of asymptomatic patients, invasive operation, potential risk of adverse reactions, complex process and high cost (10–14). Therefore, there are strong requirements for the identification of a high-risk group with distant metastasis and the rationalization of DM screening in LC patients.

The occurrence and development of lung cancer is very complicated, and most of the clinical characteristics exhibit a multidimensional and non-linear relationship. The artificial neural network (ANN) is a complex non-linear model inspired by the working of biological neural networks (15–17). In the face of huge and complex medical data, it has the ability to discover underlying patterns and constantly adjust the algorithm to adapt to new patient information (18–20). In recent years, the ANN has been applied successfully in clinical medicine, including diagnosis, image identification and outcome prediction (16, 21–24).

In this study, we aim to develop an ANN model to predict synchronous organ-specific metastasis in LC patients. This study may provide clinicians with more personalized clinical decisions, reduce the unnecessary financial burden of patients, and allocate medical resources more rationally.



Patients and Methods


Patient Selection and Data Collection

We obtained the research participants from the Surveillance, Epidemiology, and End Results (SEER) Program. The SEER program is supported by the US National Cancer Institute, covers cases from 18 cancer registries, and represents approximately 28-30% of the population (25). Patient data were screened via the SEER*Stat software (version 8.3.6). Since the data was anonymized, no additional institutional review board approval or patient informed consent was required.

We included patients diagnosed with lung cancer between 2010 and 2015. Variables of interest included age, sex, race, marital status, insurance, primary site, histology, grade, tumor size, separate tumor nodules, visceral pleural invasion, T-stage, N-stage, and organ-specific metastases. We excluded the patients whose reporting sources were “Autopsy only” or “Death certification only”, as well as those who did not have complete information on all the above variables.



Model Development

A multilayer perceptron ANN was created consisting of an input, an output, and one or more hidden layers (Figure 1). In this research, thirteen selected demographic or clinical variables were served as the input layers neurons, and one variable (metastasis or no metastasis) was served as the output layer neuron. The number of neurons in the hidden layer was set empirically. 75% of patients was used to develop the model (the training group), while the remaining 25% was used to evaluate the developed model (the testing group). A back propagation (BP) method was used to train the multilayer perceptron ANN, which modified the weight of the interneuron connections to reduce the total errors during the repeated development cycles. During the learning progresses, the errors between ANN model outputs and expected outputs were minimized (21). In this study, the number of epochs was selected from the set {10, 20, 30, 50, 100, 500}.




Figure 1 | Schematic structure of the artificial neural network (ANN) model including one input layer with 13 nodes, nine hidden layers with 100 nodes, and one output layer with 1 node.





Statistical Analysis

Kaplan-Meier analysis was used for comparison of survival among the subgroups classified by distant metastasis. Multivariate Cox proportional hazard analyses was conducted to estimate the hazard ratio (HR), and the corresponding 95% confidence interval (CI), for the potential risk factors. The model performance was evaluated with the receiver operating characteristic (ROC) curves and areas under the curve (AUC), which is a score ranging from 0.50 to 1.0. All statistical analyses were conducted using SPSS version 21.0 and RStudio Version 1.0.153. A two-tailed P value <0.05 was considered statistically significant.




Results


Patient Demographics and Clinical Characteristics

From 2010 to 2015, 62,151 patients with lung cancer were consecutively included in this study. Patient characteristics were described in Table 1. The population with a median age of 68 (IQR, 61-75) years and White people (n=50589, 81.4%) predominated. The distribution of male and female was almost 1:1. The most common primary site was upper lobe (n=37284, 60%) and the most common histological subtype was adenocarcinoma (n=33036, 53.2%). Of these patients, 12,182 (19.6%) developed distant metastases, including 3,982 (6.4%) with bone metastases, 3,674 (5.9%) with brain metastases, and 1,307 (2.1%) with liver metastases.


Table 1 | Baseline demographic and clinical characteristics of patients with lung cancer.





Survival Analysis

A cohort of 29,296 patients was used to analyze cancer-specific survival (CSS). The median CSS for patients with none metastasis, bone metastasis, brain metastasis, liver metastasis and two or three metastases were 10 months, 4 months, 4 months, 4 months and 3 months, respectively (Table 2). Kaplan-Meier analysis showed the similar trend in Figure 2. In addition, multivariate Cox proportional hazard analyses revealed that bone metastasis (OR=1.630, p<0.001), brain metastasis (OR=1.698, p<0.001), liver metastasis (OR=1.673, p<0.001) and two or three metastases (OR=2.025, p<0.001) were associated with poor prognosis (Table 2).


Table 2 | Cancer-specific survival and multivariate analysis for patients with lung cancer.






Figure 2 | Kaplan-Meier analysis of cancer-specific survival for patients with lung cancer stratified by organ-specific metastasis.





Construction of the ANN Model

In the training of ANN model, we manually increased the number of hidden layers starting with 5 layers. The predictive sensitivity culminated with 9 layers and adding more layer did not improve the performance but increased time of computation (Table 3). In the end, the ANN model was constructed with 13 neurons in the input layer, 100 neurons in each of the 9 hidden layers and 1 neuron in the output layer (Figure 1). Meanwhile, we compared the RF model (ntree=500) with the ANN model, and the RF model showed obvious overfitting (Figure 3).


Table 3 | Performance of the artificial neural network (ANN) model with increasing layers for predicting distant metastasis.






Figure 3 | Receiver operating characteristic curve of (A) the artificial neural network (ANN) model and (B) the random forest (RF) model.





Evaluation of the ANN Model

In this study, we first evaluated the model performance for predicting distant metastasis in the whole cohort (AUC: 0.759, accuracy: 0.669, sensitivity: 0.906, specificity: 0.613, false positive rate: 0.387, false negative rate: 0.094, likelihood ratio positive: 2.339, likelihood ratio negative: 0.154). Then we evaluated the model performance for predicting organ-specific metastasis in the cohort with distant metastasis (Figure 4; Table 4). The sensitivity in bone metastasis, brain metastasis and liver metastasis were 0.913, 0.906 and 0.925, respectively.




Figure 4 | Receiver operating characteristic curve of the artificial neural network (ANN) model for predicting organ-specific metastasis.




Table 4 | Performance of the artificial neural network (ANN) model for predicting organ-specific metastasis.





Variable Importance Measure

By applying ANN methods with variable importance measures, the importance of the 13 variables was standardized and the top 10 were showed in Figure 5. The most important variable was separate tumor nodules with 100% importance. The second important variable was visceral pleural invasion for distant metastasis, while histology for organ-specific metastasis. And the sex variable only appeared in bone metastases. Relatively, the race and insurance variable were less important in the whole cohort.




Figure 5 | Variable importance from the artificial neural network (ANN) model for predicting (A) distant metastasis and (B) organ-specific metastasis [(1) bone, (2) brain, and (3) liver].






Discussion

With the increasing incidence of distant metastasis of lung cancer, this field has gradually become one of the hot spots in clinical research (26–29). Our study suggested that distant metastasis was a risk factor for poor prognosis, and the median CSS for LC patients with bone metastasis, brain metastasis, liver metastasis and two or three metastases are 4 months, 4 months, 4 months and 3 months, respectively, which was similar to previous studies (28–32). Thus, early identification and diagnosis of distant metastasis is meaningful to improve prognosis and can assist clinicians in making therapeutic choices.

However, the cost of screening in an unselected population is considerable and the benefit is questionable, given the conflicting international screening guidelines and clinicians’ possible tendency to conduct investigations in excess of the recommended stage (14, 33–35). In this study, we developed a “two-step” ANN model for predicting synchronous organ-specific metastasis in LC patients. Our ANN model has high predictive power, with sensitivity of 0.906 for distant metastasis, 0.913 for bone metastasis, 0.925 for brain metastasis and 0.906 for liver metastasis. It can help predict the possibility of organ-specific metastasis in LC patients and alert high-risk patients for further investigation, which can provide clinicians with more accurate and personalized clinical decisions.

Previously, Zhou et al. used machine learning methods to analyze the distant metastasis possibility of lung cancer based on clinical and radiomic features (36). In this study, if only the features extracted from the CT image were used, the AUC was 72.84%. After combined with the patients’ clinical features, 89.09% could be achieved. The authors did not utilize ANN and included radiomic features, limiting direct comparison with our model. Recently, Liu et al. constructed a nomogram to predict bone metastasis of small cell lung cancer (SCL), which had a c-index of 0.745 in the internal validation set (30). Meanwhile, a multivariate model developed by Cacho-Díaz et al. was used to predict brain metastases of non-small cell lung cancer (NSCLC) and showed a predictive sensibility of 72% (27). Although the random forest classifier showed a good performance in predicting overall survival and the early response during radiotherapy in NSCLC, it performed unsatisfactorily in the predictions of our study (37, 38). Therefore, compared with traditional statistical models, our ANN model has superior performance.

In this study, we identified important features in the ANN model, with the top five including separate tumor nodules, visceral pleural invasion, histology, N-stage and tumor size, which were in line with the previous studies (27, 28, 30, 32, 36, 39, 40). Similar to our study, sex and N-stage were reported to be related to the occurrence of bone metastases (30, 32, 40). Interestingly, the correlation between larger tumor size and a higher risk of bone metastasis was uncertain (30, 39). And it was reported that age, sex, T-stage were independent predictors of brain metastasis (27, 28, 31, 41). Although the carcinoembryonic antigen (CEA) levels and epidermal growth factor receptor gene (EGFR) mutation status were associated with brain metastasis in patients with newly diagnosed NSCLC, we did not include these variables because they were not provided in the SEER database (27, 41).

This study should be considered in the context of several limitations. First, the study does not include an independent external cohort to validate the model, which is an important focus of future research. Nonetheless, we hope that the use of the SEER database, which accounts for about 28% of the United States population, will improve generalizability. Second, due to retrospective studies, the excluded missing data may lead to selection bias. Therefore, 25% of patients were randomly assigned to the testing group, which allowed for pseudo-prospective evaluation of our model and thus reduced bias.

In conclusion, despite the limitations, we developed and validated a novel ANN model for the prediction of synchronous organ-specific metastasis in patients with lung cancer. This ANN model may help clinicians to make individualized prediction and rational metastasis screening.
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Background

Previous studies have demonstrated that transcriptional RNA methyladenosine modification significantly affects tumor initiation and progression. However, clinical implications of N1-methyladenosine (m1A) regulators and their effect on tumor immunity in lung adenocarcinoma (LUAD) are still poorly elucidated.



Methods

Herein, the characteristics of somatic mutation, copy number variation (CNV), DNA methylation, and expression levels of m1A regulators were thoroughly analyzed. We classified 955 lung adenocarcinoma patients into different m1A modification patterns based on an unsupervised consensus clustering algorithm. We then calculated the differences in gene expression, prognosis outcomes, and immune profiles among different m1A clusters. Subsequently, we screened differently expressed genes (DEGs) related to prognosis among different m1A clusters. We identified m1A related gene clusters according to the prognosis-related different expressed genes. We further constructed a scoring standard named the m1A score and comprehensively analyzed the survival outcomes, clinical-pathological features, immune microenvironment, treatment responses of immunotherapy, and drug susceptibility in different m1A score groups.



Results

In total, three different m1A modification patterns were identified, which contained cluster A, B, and C. Among them, cluster A processed the poorest clinical outcomes, the lowest immune cell infiltration rate, and the highest tumor purity score. Then, three m1A gene clusters (gene cluster A, B, C) were speculated. Subsequently, we combined m1A modification patterns and m1A gene cluster to classify lung adenocarcinoma patients into high and low m1A score groups. The low m1A score group was accompanied by higher mortality, higher tumor mutation burden (TMB) and genome mutation frequency, and lower programmed cell death-Ligand 1 (PD-L1) expression and tumor immune dysfunction and exclusion (TIDE) expression. Moreover, the m1A score exhibited positive correlation with almost all immune cells. Finally, common chemotherapeutic and targeted therapy agents exhibited obvious differences in drug susceptibility in different m1A score groups.



Conclusions

Collectively, we explored the potential value of m1A regulators in the prognosis and treatment of lung adenocarcinoma in multiple dimensions and provided some preliminary basis for the follow-up study of m1A regulators in lung adenocarcinoma.





Keywords: m1A, lung adenocarcinoma, prognosis, immune microenvironment, immunotherapy



Introduction

As the cancer with the highest incidence, lung cancer also causes the most cancer-related deaths (1). According to reports, 85% of the total number of new lung cancer each year is non-small cell lung cancer (NSCLC) (2). Currently, lung adenocarcinoma (LUAD), the major type of NSCLC, shows an increasing incidence in young women and non-smokers (3). LUAD is often accompanied by the characteristics of not obvious early symptoms, and prone to hematogenous metastasis and local infiltration. Moreover, patients with advanced lung adenocarcinoma are often accompanied by poor long-term prognosis. In addition, chemotherapy, targeted therapy, and immunotherapy are facing challenges in treatment effectiveness due to the high drug resistance of LUAD (4–6). Therefore, the discovery of molecular markers for early diagnosis and therapeutic efficacy targets of lung adenocarcinoma is an effective way to improve the survival rate of LUAD.

RNA chemical modifications play crucial roles in regulating important cellular processes at the RNA level, including cell differentiation, key cellular signaling pathways, and cell metabolism (7–9). RNA methylation is the major component of RNA chemical modification, which contains N1-methyladenosine (m1A), N3-methylcytosine (m3C), 5-methylcytosine (m5C), and N6-methyladenosine (m6A) (10–12). Among them, N1-methyladenosine (m1A) has been demonstrated to be involved in stabilizing RNA structural, splicing, cell proliferation, and cell aptosis (13, 14). Common m1A regulators contain “writers” (TRMT10C, TRMT61B, and TRMT6/61A), “readers” (YTHDF1, YTHDF2, YTHDF3, and YTHDC1), and “erasers” (ALKBH1 and ALKBH3), which play an essential role in the m1A methylation process (15–17). In general, the “writer” and “eraser” are involved in regulating the state of m1A, while the “reader” acts as m1A binding proteins to access m1A modification information and further identify and combine with methylation sites. The “writer” acts as a methyltransferase complex. Growing evidence indicates that dysregulation of genomic mutation of m1A regulators can influence the process of transcription and translation, resulting in aberrant cell proliferation and tumor initiation (18–21). Moreover, downregulation of ALKBH3 promoted m1A levels and weakened RNA translation levels associated with the accumulation of methylated RNA in the PANC-1 cell line (22). ALKBH3 and ALKBH1 were upregulated in HNSCC and resulted in tumor development (23). However, studies on m1A regulators in LUAD are lacking. Therefore, a multi-dimensional comprehensive assessment of m1A methylation regulators will enhance our understanding of tumorigenesis and the immune microenvironment in LUAD.

In this research, we first investigated the differences in somatic mutation, CNV, DNA methylation, and expression levels of m1A regulators. Further analysis identified three m1A modification patterns and accessed the correlation with tumor microenvironment (TME). Subsequently, the m1A score was developed and used to qualify the m1A modification pattern of a single LUAD patient. Finally, we comprehensively evaluated the prognosis and treatment efficacy of LUAD based on the m1A score system.



Material and Methods


Data Collection and Analysis

Nine previously published m1A regulators were included in our research (16, 24–28). Somatic mutation data of LUAD were enrolled from the Cancer Genome Atlas (TCGA) database (https://portal.gdc.cancer.gov/) and visualized by utilizing maftool R package. Subsequently, sequencing data of CNV and DNA methylation were extracted from the Xena database (https://xenabrowser.net/). Transcriptome data and corresponding clinicopathologic characteristics of LUAD were retrospectively curated from TCGA database. Then, three datasets (GSE72094, GSE37745, GSE50081) with clinical information of Gene Expression Omnibus (GEO) were enrolled using GEOquery R package (29), among which GSE37745 and GSE50081 were all RNA sequencing data from the Affymetrix Human Genome U133 Plus 2.0 Array platform. Therefore, we integrated two datasets as a meta-cohort for an independent validation dataset using sva R package for removal of batch effects (30), which contained 235 LUAD samples. Next, RNA expression data of TPM format of the TCGA database and GSE72094 were also combined as a training dataset with sva R package (30), which contained 955 LUAD and 59 normal samples. Furthermore, our study included the anti-PD-L1 treatment cohort IMvigor 210, which contained gene transcriptomic data and clinical information of advanced cancer patients followed by anti-PD-L1 antibody treatment, to further assess the association between m1A modulators and tumor immunity therapy (31).



Unsupervised Consensus Clustering of Nine m1A Regulators in LUAD

Nine m1A regulators were collected to construct m1A modification patterns, including TRMT6, TRMT61A, TRMT10C, YTHDF1, YTHDF2, YTHDF3, YTHDC1, ALKBH1, and ALKBH3. Unsupervised consensus clustering was performed to identify specific m1A modification patterns. According to gene expression levels of m1A regulators, ConsensusClusterPlus R package was enrolled to clustered 955 LUAD patients into subgroups (32). We set the following clustering parameters: number of cycles = 1000; pItem = 0.8; pFeature = 0.8, and k-means was selected as the clustering algorithm. The clusters that expected the most significant difference in survival were taken into consideration.



Identification of Immune Cell Infiltration Among Different m1A Modification Patterns

Immune cell infiltration abundance of different m1A cluster groups was identified by a single-sample gene-set enrichment analysis (ssGSEA) algorithm of the GSVA R package (33). Subsequently, enriched pathways for each cluster were also determined.



Analysis of Differentially Expressed Genes (DEGs) in m1A Cluster Groups

There were 955 lung adenocarcinoma patients classified into three clusters. Then, limma R package was enrolled to identify DEGs in three m1A regulator clusters and adjust p value <0.05 was considered as DEGs.



Construction of m1A-Related Gene Signatures

Univariate Cox regression analysis of overlapped DEGs among the three m1A regulator clusters was performed to select prognosis-related genes for further analysis using survival R package, with p <0.05 as the threshold. Next, based on prognostic-related genes, an unsupervised consensus clustering algorithm was conducted to classify LUAD patients into different m1A gene clusters. Finally, we performed principal component analysis based on prognosis-related gene expression profiles and identified principal components 1 and 2 as the characteristic scores of each patient. This method mainly includes the scores of gene modules with the most significant positive or negative correlations. In view of this, we established the m1A gene signatures of patients with LUAD based on this formula from previous research: m1Ascore = ∑(PC1i + PC2i), where i represented expression level of prognosis-related gene in different m1A gene clusters.



Estimation of Drug Sensitivity

Half-maximal inhibitory concentration (IC50) of paclitaxel, gefitinib, vinblastine, and erlotinib were quantified with the pRRophetic R package by ridge regression analysis (34, 35). IC50 indicated the response to the above-mentioned chemotherapy drugs in the TCGA cohort.



Statistical Analysis

Spearman’s correlation analysis was conducted to estimate composition differences. Wilcoxon signed rank test was applied for comparisons between the two groups. Kaplan-Meier survival curve was implemented for evaluating the survival differences between groups. Statistical analysis was achieved utilizing R software (version 4.02). P <0.05 was taken into consideration statistically.




Results


Multi-Omic Landscapes of m1A Regulators in LUAD

We first screened the mutation frequency of nine m1A regulators in LUAD. Our results showed that 37 of 561 LUAD samples (6.6%) contained m1A regulators-related mutation, which ranged from 0 to 2% (Figure 1A). Further analysis revealed that CNV events occurred frequently in nine m1A regulators. YTHDF1, YTHDF3, TRMT10C, YTHDC1, and ALKBH3 all displayed widespread copy number amplification. Conversely, TRMT6, TRMT61A, YTHDF2, and ALKBH1 exhibited prevalent copy number deletion (Figure 1B). Then, the CNV alternation positions of m1A regulators in human chromosome were visualized (Supplementary Figure S1A). The differences in the DNA methylation levels of nine m1A regulators in LUAD were subsequently revealed (Figure 1C). The results showed TRMT61A, TRMT10C, YTHDF1, YTHDF3, and ALKBH3 were accompanied with higher DNA methylation levels in LUAD (Supplementary Figure S1B). Furthermore, the expression levels of YTHDF1, YTHDF2 TRMT6, TRMT61A, TRMT10C, and ALKBH1 were significantly different compared to normal patients (Figure 1D). Finally, a comprehensive survival analysis of nine m1A regulators was listed (Supplementary Figures S1C–F).




Figure 1 | The multi-omic landscapes of nine m1A regulators in LUAD. (A) Somatic mutations of nine m1A regulators in TCGA-LUAD. (B) The CNV features of m1A regulators in TCGA-LUAD. (C) DNA methylation levels of nine m1A regulators in TCGA-LUAD and normal patients (Tumor: 563; Normal: 53). (D) Gene expression levels of nine m1A regulators in TCGA-LUAD and normal patients (***P < 0.001).





Identification of Specific m1A Modification Patterns

We first investigated and visualized the interaction network between the nine m1A regulators (Figure 2A). A significant interaction network indicated that correlation among different m1A regulators may act as mutually complementary roles in initiation and development of LUAD. According to expression levels of nine m1A regulators, 955 LUAD patients in TCGA and GSE72094 datasets were enrolled in unsupervised clusters for classifying the different m1A modification patterns. We finally determined three different m1A modification patterns: m1Acluster A (222 samples), m1Acluster B (395 samples), and m1Acluster C (338 samples) (Figure 2B). With corresponding clinical information, we performed survival analysis among different m1A clusters, and the result showed patients in cluster A exhibited the poorest clinical outcome (Figure 2C). Finally, a heatmap systemically depicted the difference in expression levels and clinical pathological features among 3 m1A clusters (Figure 2D).




Figure 2 | Establishment of three m1A modification patterns. (A) The correlation of nine m1A regulators in LUAD. (B) Consensus clustering of m1A clusters for LUAD patients in the training cohort. (C) Differences in survival outcomes of three m1A clusters in the training cohort. (D) Heatmap of three m1A modification patterns in the training cohort.





The Immune Landscape of Different m1A Modification Patterns

The GSVA algorithm was performed to investigate specific biological pathways within the different m1A modification patterns (Figures 3A–C). The results of GSVA revealed the m1A cluster A mainly enriched in basal transcription factors, RNA degradation, and cell cycle. The m1A cluster B was strongly associated with complement and coagulation cascades, cell adhesion molecules cams, and cytokine receptor interaction. Moreover, the m1A cluster C exhibited high correlation with cell metabolism, RNA polymerase, and splicesome. Then, we calculated the levels of immune and stromal components across LUAD tissues through the ESTIMATE algorithm. Accordingly, m1A cluster A was accompanied by the highest tumor purity score and the lowest estimate, immune, and stromal score, whereas the m1A cluster B was characterized by the lowest tumor purity score and highest estimate, immune, and stromal score (Figures 3D–G). Finally, we systematically qualified the distribution landscape of immune cell infiltration among different m1A modification patterns, with the result indicating that the m1A cluster B displayed the most abundant distribution of adaptive and innate immune cells (Figure 3H).




Figure 3 | Differences of biological features and immune profiles of three m1A clusters in LUAD. (A–C) GSVA results revealed specific biological pathways of three m1A modification patterns. (A) Cluster A vs. cluster B; (B) cluster A vs. cluster C; (C) cluster B vs. cluster C. (D–G) Violin plots depicted the distribution of ESTIMATE, immune, and stroma scores as well as tumor purity in three m1A modification patterns. (H) Differences in abundance of 23 TME-infiltrating cells under three m1A modification patterns. ** indicates p < 0.01; *** indicates p < 0.001.





Investigation of m1A-Related DEGs in LUAD

The above research fully clarified the effects of different m1A modification patterns on the immune microenvironment and clinical outcomes of LUAD patients. To further investigate the underlying impact of m1A regulators in LUAD, we first performed principal component analysis (PCA) based on m1A gene expression and clustering data and revealed that the m1A modification patterns could well reflect the heterogeneity of LUAD patients (Supplementary Figure S2). Subsequently, DEGs that intersected between the three m1A clusters were screened and 2986 DEGs were finally uncovered (Figure 4A). Then, 1787 prognosis-related DEGs were uncovered by utilizing univariate Cox regression analysis. Gene ontology (GO) enrichment analysis suggested that prognosis-related DEGs were mainly enriched in DNA replication, chromosome segregation, and ATPase activity (Figure 4B). Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analysis uncovered that prognosis-related DEGs exhibited strong association with DNA replication, cell cycle, and cell adhesion molecules (Figure 4C). These results uncovered that m1A-related genes participated in vital cellular pathways and predicted poor clinical outcomes, which may lead to the occurrence and progression of LUAD. Next, we performed unsupervised consensus clusters based on the expression profiling data of prognosis-related DEGs. Then, three m1A-related gene clusters were identified (gene cluster A, B, C) (Figure 4D). Subsequently, we found that the LUAD patients divided into m1A gene cluster A were highly correlated with worse survival outcomes (Figure 4E). Then, the heatmap comprehensively depicted the clinicopathological characteristics and differences of these subgroups (Figure 4F). Finally, we screened the differential expression of m1A regulators among m1A gene clusters. The results revealed that TRMT6, TRMT61A, YTHDF1, and ALKBH1 were significantly upregulated in m1A gene cluster A, whereas YTHDC1 and ALKBH3 were upregulated in m1A gene cluster B (Figure 4G).




Figure 4 | Identification of three m1A gene clusters. (A) 2986 DEGs of three m1A modification patterns were shown by Venn diagram. (B, C) GO and KEGG results revealed the potential function of 1787 prognosis-related DEGs. (D) Consensus clustering of m1A gene clusters for LUAD patients in the training cohort. (E) Survival outcome prediction of three m1A gene clusters in the training cohort. (F) Heatmap of consensus clustering of 1787 prognosis-related DEGs. (G) The different expression levels of m1A regulators in three m1A gene clusters (***P < 0.001).





Construction of m1A-Related Gene Signatures

The above studies were based on the different m1A classifications of LUAD patients, so it is far from accurate to qualify the impact of m1A modification patterns on specific patient samples. Therefore, we scored LUAD patients according to the m1A modification patterns and gene clusters, named m1A score. We then classified LUAD patients into high and low m1A score groups based on the median m1A score (median m1A score = 4.88). Alluvial plots were performed to depict the correspondence in m1A clusters, m1A gene clusters, m1A score, and the survival status of patients (Figure 5A). Then, we noticed that LUAD patients who were surviving showed a higher m1A score than dead LUAD patients (Figure 5B). We also uncovered that low m1A score in LUAD patients who were diagnosed with pathological stage I and II often indicated poor prognostic outcomes, whereas the effects of m1A score on predicting prognostic outcomes in LUAD patients with stage III and stage IV showed no statistical difference (Figures 5C, D). In addition, based on the information of 889 LUAD patients with clinicopathological stage, we found significant differences in m1A scores among LUAD patients with different pathological stages (Figure 5E). Moreover, m1A scores in different m1A modification patterns and gene clusters also showed significant differences (Figures 5F, G). Next, we comprehensively screened the differences in somatic mutations in tumor genomes based on the grouping of m1A scores, which indicated that the low m1A score group exhibited the higher mutation frequency (Figures 5H, I). Further, we identified that low m1A score subpopulations were often accompanied by high mortality, which was consistent with the result of the meta-cohort (Figures 6A, B). Subsequently, univariate and multivariate analysis uncovered m1A scores possessed the potential in independently predicting LUAD prognosis (Figures 6C, E), which was also validated in the meta-cohort (Figures 6D, F).




Figure 5 | Clinical features in different m1A score groups. (A) Alluvial plots depicted the correspondence in m1A clusters, m1A gene clusters, m1A score, and the survival status of patients in LUAD. (B) The differences of fustat in different m1A score groups. (C–E) Kaplan-Meier curves uncovered differences in m1A scores among LUAD patients at different pathological stages. (F, G) The differences of m1A score among three m1A modification patterns and three m1A gen clusters. (H, I) The differences of somatic mutation frequency in tumor genomes based on the grouping of m1A scores.






Figure 6 | Construction of m1A score and validation. (A) Survival outcomes prediction of the m1A score in the training cohort. (B) Survival outcomes prediction of the m1A score in the meta-cohort. (C, E) Univariate and multivariate analyses revealed the prognostic value of m1A score in the training cohort. (D, F) Univariate and multivariate analyses revealed the prognostic value of m1A score in the meta cohort.





Identifying and Comparing the Immune Profiles of Different m1A Score Groups

We first determined the association of m1A score with immune cells. The result uncovered that m1A score was positively correlated with almost all immune cells except CD56 natural killer cell (Figure 7A). These findings revealed that m1Ascore could be used to effectively evaluate m1A modification patterns and the differences in immune cell infiltration in a single LUAD patient. We also investigated the relationship between m1A score and tumor burden mutation (TMB) and noticed that the low m1A score group exhibited high-level of TMB (Figure 7B). Moreover, the m1A score was negatively correlated with TMB (Supplementary Figure S3). Further analysis uncovered that LUAD patients in low m1A score and low TMB group displayed the worst survival outcomes (Figure 7C). Next, the interaction of m1A score and PD-L1 expression was investigated. Patients with LUAD in the low m1A score group were accompanied by low levels of PD-L1 expression (Figure 7D). We comprehensively evaluated the immunotherapy response of patients with LUAD based on the m1A score. High m1A score group patients expressed therapeutic advantage to CTLA-4 and PD-1 monotherapy (Figures 7E, F). Similarly, LUAD patients with high m1A score showed treatment advantages to CTLA-4 and PD-1 combined treatment (Figure 7G). In addition, we determined immunotherapy efficacy in patients with different m1A score groups based on the TIDE database. The results indicated that the TIDE expression showed significant difference in the high and low m1A score groups (Figure 7H). Further, we noticed that LUAD patients in high m1A score group were accompanied by higher tumor dysfunction score and lower tumor exclusion score (Figures 7I, J). Finally, we speculated the ability of the m1A score in predicting patients’ immune effects based on the IMvigor210 immunotherapy cohort. Interestingly, we noticed that the immunotherapy efficacy in different m1A score groups exhibited no statistical difference (Supplementary Figure S4).




Figure 7 | Profile of differences in the immune microenvironment in different m1A score groups. (A) Correlation between m1Ascore and immune-related cellular components. Blue indicates negative correlation; red indicates positive correlation; * indicates P < 0.05. (B) Comparisons of TMB score in different m1A score groups. (C) Overall survival analysis of different m1A score and TMB score groups. (D) PD-L1 expression levels in different m1A score groups. (E–G) Treatment effects of CTLA-4 or PD-1 and combined CTLA-4 and PD-1 were evaluated in patients with high and low m1A scores. (H–J) TIDE, dysfunction, and exclusion scores in different m1A score groups.





Drug Susceptibility Prediction in Different m1A Score Groups

Chemotherapy and targeted therapy were gradually applied in treatments for patients with advanced LUAD. It is of great significance to evaluate the responses of certain drugs in different subpopulations. Herein, we identified the treatment responses of some drugs that were widely used in the treatment of LUAD. As shown in Figure 8, the high m1A score group possessed prominently high IC50 values of erlotinib and paclitaxel, indicating that this subpopulation showed higher sensitivity to these therapeutic agents, whereas patients in the low m1A score group showed therapeutic superiority to gefitinib and vinblastine. The above research results provided more reference values for formulating personalized treatment strategies for LUAD patients.




Figure 8 | Drug susceptibility prediction in different m1A score groups. (A–D) Comparisons of sensitivity to erlotinib, paclitaxel, gefitinib, and vinblastine in different m1A score groups.






Discussion

Previous studies have confirmed that m1A methylation modification significantly affects the occurrence and development of tumors (36, 37). However, there are few studies exploring the role of m1A modification in the tumorigenesis of LUAD. Herein, we first revealed the underlying role of m1A modification in LUAD from multiple perspectives. Then, we identified the differences of TME cells infiltration among three m1A modification patterns. Subsequently, the m1A score system was constructed and used to qualify the m1A modification pattern of a single LUAD patient. Finally, we comprehensively evaluated the prognosis and treatment efficacy of LUAD based on the m1A score system.

In this study, the characteristics of somatic mutation, copy number variation (CNV), DNA methylation, and gene expression levels of nine m1A regulators in TCGA-LUAD cohort were screened. We found that 37 of 561 LUAD samples (6.6%) contained m1A regulators-related mutation, with mutation frequencies ranging from 0 to 2%, and YTHDC1 occupied the top mutation frequency. Previous research suggested that YTHDC1 deficiency could significantly increase the level of alternative splicing defects in mouse oocytes (38). Further, six m1A regulators displayed significantly high expression levels in LUAD patients. Moreover, high expression of ALKBH1, TRMT6, and TRMT61A was found to be indicative of poor clinical outcomes, which were consistent with their high expression in LUAD. Further studies on the CNV signature of nine m1A regulators showed that YTHDF3, TRMT10C, YTHDC1, YTHDF1, and ALKBH3 displayed copy number amplification, while TRMT6, TRMT61A, YTHDF2, and ALKBH1 exhibited copy number deletion. Genomic alternations of the m1A regulators in LUAD could be due to abnormal gene expression, which contributed to tumor development.

Then, three m1A modification patterns were revealed, named m1A clusters A, B, C. Within these modification patterns, cluster A displayed the poorest long-term survival outcomes. Meanwhile, cluster A was accompanied by the lowest estimate, immune, and stromal score, and the highest tumor purity. Further analysis revealed cluster A showed lower infiltration of immune cells. The purity of the tumor depends on the proportion of tumor cells in TME, and its level affects the prognosis of cancer patients (39, 40). Hence, we speculated that the poor long-term prognosis of LUAD patients in m1A cluster A may be related to high tumor purity and suppression of immune function. GSVA analysis revealed the m1A cluster A mainly enriched in basal transcription factors, RNA degradation, and cell cycle, which may be involved in the progression of LUAD (41, 42). In view of this, we believe that different m1A modification patterns may shape the tumor immune microenvironment (TIME) of LUAD, thereby potentially affecting the prognosis of LUAD.

Based on prognostic-related DEGs among different m1A modification patterns, we revealed three m1A gene clusters. Similarly, the m1A gene cluster exhibited the poorest clinical outcome. The m1A scoring system was subsequently constructed to assess the impact of m1A methylation on single LUAD patients. Survival analysis revealed that LUAD patients with low m1A score suggested high mortality. In addition, we found LUAD patients classified into m1A cluster A and m1A gene cluster A groups were accompanied by the lowest m1A score. In view of this, we noticed that LUAD patients showed different clinical prognosis with different grouping methods based on m1A modification patterns, which revealed that m1A had a clear prognostic value for LUAD patients. TMB was characterized as an effective indicator for prediction of clinical response to immunotherapy (43). Our data suggested that low m1A score group showed a high-level of TMB, while LUAD patients with both low m1A score and low TMB exhibited poor clinical prognosis. Moreover, m1A score was positively correlated with almost all immune cells. The above findings suggested m1A score may have the ability to predict prognosis of LUAD and evaluate the tumor immune microenvironment and immune response of LUAD.

Immunotherapy is gradually becoming an important treatment for advanced LUAD. PD-L1 has become a powerful biomarker to assess the efficacy of immune checkpoint inhibitor (ICI) in LUAD patients recently (44). High expression of PD-L1 often predicts better treatment response to ICIs (6, 44, 45). Here, we noticed that high m1A score group exhibited high expression level of PD-L1, which uncovered LUAD patients with high m1A score may occupy a higher priority for anti-PD-L1 therapy. The above results indicated that predicting anti-PD-L1 efficacy based on m1A score required more clinical trials to verify. Moreover, we found that high m1A score patients presented higher sensitivity to erlotinib and paclitaxel, and patients with low m1A score had higher priority to gefitinib and vinblastine, providing a reference for the choice of the optimal chemotherapeutic or targeted therapeutic regimen.



Conclusion

To sum up, our study characterizes m1A regulators in LUAD from multiple dimensions and qualified its significant role in predicting prognosis value and immune performance. Further analysis revealed the interaction between m1A score and immune microenvironment. Importantly, we provided some preliminary basis for the follow-up study of m1A regulators in lung adenocarcinoma. Nevertheless, their potential significance as prognostic indicators and therapeutic guidance value of LUAD is worthy of further study.
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Supplementary Figure 1 | Comprehensive analysis of nine m1A regulators in lung adenocarcinoma multi-omics. (A) The CNV alternation positions in human chromosome. (B) The DNA methylation levels in TCGA-LUAD and normal patients (*P < 0.05; **P < 0.01; ***P < 0.001). (C–F) Survival outcome prediction of ALKBH1, TRMT6, TRMT61A, and YTHDF2 in the training cohort.

Supplementary Figure 2 | Principal component analysis revealed that the m1A modification patterns could well reflect the heterogeneity of LUAD patients.

Supplementary Figure 3 | TMB exhibited a significantly negative correlation with m1A score (R = -0.37, p < 2.2e-16).

Supplementary Figure 4 | Immune responses of different m1A score groups exhibited no statistical difference in IMvigor210 immunotherapy cohort (p = 0.78).
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Background

Familial lung cancer (FLC) accounts for 8% of lung adenocarcinoma. It is known that a few germline mutations are associated with risk increasing and may provide new screening and treatment option. The goal of this study is to identify an FLC gene among three members of an FLC family.



Methods

To uncover somatic and embryonic mutations linked with familial lung cancer, whole exome sequencing was done on surgical tissues and peripheral blood from three sisters in a family diagnosed with pulmonary lung adenocarcinoma (LUAD). At the same time, single-cell RNA sequencing (scRNA-seq) and bulk RNA sequencing data in public databases were enrolled to identify specific gene expression level.



Results

Ataxia Telangiectasia and Rad3-Related Protein (ATR) gene C.7667C >G (p.T2556S) mutation were found in 3 patients with familial lung cancer. Whole-genome sequencing revealed that the three sisters exhibited similar somatic mutation patterns. Besides ATR mutations, common mutated genes (BRCA1, EGFR, and ROS1) that characterize LUAD were also found in 5 tumor samples. Analysis for the ATR expression in LUAD patients by single-cell sequencing data, we found ATR expression of tumor patients at high level in immune cells when compared with normal patients, but the expression of ATR in stromal cells has the opposite result.



Conclusion

We found a germline mutation in the ATR gene in three sisters of a Chinese family affected by familial lung cancer, which may be a genetic factor for lung cancer susceptibility.





Keywords: familiar lung cancer, ATR, sequencing, germline mutation, lung adenocarcinoma



Introduction

Lung adenocarcinoma is the primary cause of cancer-related death worldwide, with an estimated 1.8 million fatalities each year (1). Researchers are still considering possible links involving lung cancer risk. Although smoking is still the leading cause of lung cancer, accounting for 80 to 90 percent of all cases, genetic susceptibility may play a role in lung cancer in some situations (2). Previous studies have demonstrated that genetic susceptibility was thought to be closely related to the development of familial lung cancer (3, 4). However, the risk factors for hereditary lung cancer are unknown at this time. Several research has looked into the function of germline mutations, primarily selected somatic mutations, in lung cancer susceptibility (5–7).

Ataxia Telangiectasia and Rad3 related (ATR) kinase plays a crucial role in the repair of replication-associated DNA damage (8). The study of cell cycle checkpoint signaling through ATR, as well as the related pathways implicated in oncogenesis and cancer progression, has resulted in the discovery and development of effective and selective ATR inhibitors (ATRi) (9). According to recent research of inherited germline mutations in a Chinese population with lung cancer assessed using an NGS, the majority of the discovered germline mutations (85.5 percent) were implicated in DNA damage repair (DDR) pathways (10). There have previously been reports of rare events in lung cancer patients, which may be related to the genetic susceptibility to lung cancer (11). As a high-throughput method, next-generation sequencing (NGS) has become routine in clinical practice and has altered the clinical management of lung cancer (12, 13). This method enables for massively parallel characterization of thousands of cells at the transcriptome level. In this study, we identified an interesting ATR mutation by whole-exome sequencing in three sisters of this family with lung cancers.



Material and Methods


Patients Data

The three patients were sisters and were treated successively in the Thoracic Surgery Department of the First Hospital of China Medical University due to lung nodules. We have drawn the pedigree of the lung adenocarcinoma family (Figure 1). The first woman was a 61-year-old female with 40 years of smoking history (II -2), who was diagnosed with micro-invasive adenocarcinoma and invasive adenocarcinoma of two nodules in the upper right lobe (Figures 2A, B). Another 56-year-old female, non-smoker, with 2 nodules in the upper right lobe (II -4), was pathologically confirmed to be adenocarcinoma in situ and invasive adenocarcinoma after surgery (Figures 2C, D). Invasive adenocarcinoma of the right lower lobe (II-5) was diagnosed in a 47-year-old non-smoker sister of the family (Figure 2E). The other members of this family have no history of lung tumor. This study was approved by the ethics committees of the First Hospital of China Medical University. The patient signed written informed consent, and we kept the patient’s identity protection for the duration of the study.




Figure 1 | Pedigree of family (case 3) with multiple cases of lung adenocarcinoma. II-2, II-4, II-5 are sisters and have been diagnosed as lung adenocarcinoma. I-1 and I-2 are their parents and have passed away. The other members of this family have no history of lung tumor.






Figure 2 | Computed tomographic scan of chest at diagnosis of three patients. (A, B) were II-2 CT scan results, which showed two nodules in the upper right lobe; (C, D) were II-4 CT scan results, which showed two nodules in the upper lobe of the right lung; (E) was II-5 CT scan results with a right lower lobe nodule. The red arrows indicated the location of the lesions.





Whole-Exome Sequencing (WES)

In total, peripheral blood, cancer, para-cancerous samples, and clinical data of three patients were collected for whole-exome sequencing (WES) in this study. NEBNext dsDNA Fragmentase (NEB, Ipswich, MA, USA) was used to extract and fragment genomic DNA from blood and cancer or para-cancer (normal tissues adjacent to cancer) tissues, followed by DNA end mending. After being detailed, end-repaired DNA segments were ligated with the NEBNext adaptor (NEB, Ipswich, MA, USA). Biotinylated RNA library baits and magnetic beads were coupled with the barcoded library to detect particular areas using the SureSelect Human All Exon V6 Kit (Agilent Technologies, Palo Alto, Calif.). On an Illumina X-ten system, the acquired sequences were amplified further for 150bp paired-end sequencing (Illumina, San Diego, CA, USA). Readings of high quality that passed the Illumina filter were kept for further processing.



Mutation Analysis

Using fastp, raw reads would be processed to make high-quality clean reads (14). To match the clean reads from each sample to the reference genome, the Burrows-Wheeler Aligner (BWA) (15) was employed (GRCh38.p12). The Genome Analysis Toolkit (GATK) (16) was used to call variants for multi-sample analyses. For multi-sample variant calling, local realignment, and base quality score recalibration, Unified Genotyper was employed. To assess the frequency of each SNP, the software package ANNOVAR (17) was used to align and annotate SNPs or InDels.Variants related to diseases were annotated with Clinvar database (http://www.clinvar.com/).



Bioinformatic Analysis

Gene expression profiles of 483 tumor samples and 347 normal samples in LUAD were conducted by GEPIA database (18). RNA-seq data and its relevant clinical information and mutation data of 561 LUAD samples were received from The Cancer Genome Atlas (TCGA) database (https://portal.gdc.cancer.gov/). Survival analysis was conducted by “survival” R package. The “maftools” R package was used to find high-frequency mutation genes. The GEO database (http://www.ncbi.nlm.nih.gov/geo/) was used to download raw UMI counts per gene, as well as the sample and cluster annotations of 11 human LUAD and 11 human normal lung samples from Kim et al’s research (19). The raw counts were normalized using the “scran” R program, and then cluster annotation was performed using the “SingleR” R tool.




Results


Molecular Characterization of Genetic ATR Mutations

We performed whole-exome sequencing on surgical samples and peripheral blood to discover variants associated with familial lung cancer. Then, we applied the following filters for the variants called by whole exome sequencing to identify the most significant germline mutations: (1) all affected family members must have mutations; (2) variations in the SNP databases with a minor allele frequency (MAF) greater than 0.5 percent were eliminated from further research, cause they are more likely to be functional neutral polymorphisms (the SNP databases that we used for filtering are Clinvar from Complete Genomics); (3) the variations must be missense or nonsense mutations or indels that cause in alterations or a shortened protein.; (4) bioinformatics algorithms such as PolyPhen-2 (20), SIFT (21), or MutationTaster must forecast that these mutations are functionally “non-benign” or “intolerable” and are linked to cancer (22). We summarized and annotated the mutation data of three patients (Table 1), and seven candidate variants were discovered in three patients of this family, only the ATR c.7667C>G (p.T2556S) mutation is the most important germline mutation in this family.


Table 1 | Characteristics of the seven candidate variants for familial lung cancer.





Analysis Somatic Mutations in FLC

Then, the results of somatic mutations in five tumor lesions of three patients were thoroughly studied. The somatic SNV/INDEL mutation spectrum and CNV mutation spectrum of the three lung cancer patients in this investigation were mapped (Supplementary Figure S1). Moreover, we searched the reported driver gene data to screen out the known driver genes in the tumor sample based on Cancer Gene Census (http://cancer.sanger.ac.uk/census), MDG125 (23), SMG127 (24), CDG291 (25) database and we noticed that somatic mutations frequently found in this family, such as EGFR, BRCA1 and ROS1 were also observed (Table 2). Furthermore, new candidate driver genes of lung adenocarcinoma, like PNCK and IP6K2 could also be found in this family (Table 3). Finally, we used MuSiC software (26) to find genes with higher mutation frequencies of the three patients, we found the top thirty high-frequency mutation genes (Figure 3A) and we summarized the mutation information of these genes in the TCGA mutation data, and we found that AMT, BICRA, ARMCX4 are high-frequency mutation genes unique to these three patients (Figure 3B).


Table 2 | Known somatic mutation patterns in three patients.




Table 3 | Predict Driver Genes in Three FLC Patients.






Figure 3 | Gene mutation characteristics of three patients and in TCGA database. (A) High-frequency mutation genes of three lung adenocarcinoma patients; (B) Mutation spectrum of high-frequency mutation genes in TCGA mutation data.





ATR Expression in LUAD Specimen

ATR is required for maintaining genome integrity during DNA replication and plays a key role in avoiding replication stress at toxic levels, according to previous research. Because of these critical functions, cancers infrequently involve loss-of-function mutations in the ATR pathway, and a subset of tumors with particular mutations is more vulnerable to ATR pathway inhibition than normal cells (27). The underlying mechanism of ATR expression in lung adenocarcinoma requires further study, hence we analyzed ATR related expression and prognosis in cases of lung adenocarcinoma. As demonstrated in Figure 4, the expression of ATR was downregulated in LUAD patients as compared to normal individuals, and the downregulation of ATR expression was related to poor prognosis. Moreover, we used single-cell sequencing data to further explore the expression of ATR in designated cell types of lung adenocarcinoma and found the expression of ATR in stromal cells (Fibroblasts, Epithelial cells, Endothelial cells) of tumor patients is at a lower level when compared with normal patients, but the expression of ATR in the immune cells (Myeloid cells, B lymphocytes, MAST cells) of tumor patients is at a high level, except for T/NK cells (Figure 5).




Figure 4 | The expression and prognostic differences of ATR in TCGA database. (A) The expression of ATR in LUAD and normal tissues in GEPIA database (Tumor: 483; Normal: 347) (* indicates p < 0.05); (B) Down regulation of ATR is associated with harmful outcome in TCGA database (Tumor: 535; Normal: 59) (p = 0.021).






Figure 5 | ATR expression in unique molecular identifiers in the indicated cell types from single-cell RNA-Seq data derived from human LUAD specimen. Blue represents the expression of ATR in each component of normal tissue, and red represents the expression of ATR in each component of tumor tissue.





Analysis of Common Germline Genes in Chinese LUAD Patients

Next, we analyzed the whole-exome sequencing data of 2706 patients to uncover the germline gene mutations in the Chinese LUAD cohort. We then screened out 27 germline gene mutations and listed their mutation frequencies and mutation sites (Table 4). Among the relatively common mutant genes, including MLH1 (1.03474%), BRCA (0.77605%), STK11 (0.62823%), CHEK2 (0.44346%), TP53 (0.44346%), have been reported related to lung cancer. Meanwhile, multiple mutation sites of these germline gene mutations were also revealed. For example, we have detected 3 different mutation sites in the germline mutation of MLH1, including c.649C>T (p.R217C), p.Q701K (c. C2101A), and p.V384D (c.T1151A).


Table 4 | Common germline gene mutations of 2706 Chinese LUAD patients.






Discussion

Carcinogenesis is a multi-factor and multi-stage process and gene mutation is an important cause of cancer occurrence and development (28). Germline mutations including somatic mutation and germline mutations. Germline mutations which occur in the reproductive cells, it can be passed on to the next generation, affecting every cell in the next generation. However, most studies on tumor mutations have focused on somatic mutations. The mining and identification of tumor germline mutations are very limited, with only a few cases reported in lung adenocarcinoma. As a result, the identification of novel germline mutations is critical for both fundamental research and clinical cancer treatment (29).

In previous studies, most of the genes with germline mutations in lung adenocarcinoma were typical oncogenes and proto-oncogenes, which included BRCA2, CHECK2, CDKN2, BAP1, EGFR (30–32). The genomic alternations of these genes were thought to be important in familial lung cancer. Then, with the development of high-throughput sequencing data, germline altered variants in other genes (MAST1, CENPE, LCT) (33–35) were identified to exhibit an essential role in the development of lung adenocarcinoma, and they were suspected to be related to the development of lung cancer through whole-exome or genome sequencing of samples from many lung cancer patients.

In this study, we continue to focus on the germline mutation of genes in lung adenocarcinoma and we have identified seven different variants (SMG5, RAB3GAF2, EI24, XDH, PTPRA, ATR, GSTZ1) in three sibling patients suffering from lung cancer. The most significant is a rare somatic mutation in the ATR gene named c.7667C>G (p.T2556S), and this ATR gene variation has never been observed in genome and exome research within combined populations. Then, we analyzed the expression and prognosis of ATR in lung adenocarcinoma. Compared with normal patients, the expression of ATR was down-regulated in LUAD, and the down-regulated expression of ATR was associated with poor prognosis. Furthermore, we employed single-cell sequencing data to investigate the expression of ATR in lung adenocarcinoma cell types. Compared with normal patients, we found that the expression level of ATR in the stromal cells (fibroblasts, epithelial cells, and endothelial cells) of tumor patients was low. In addition to T/NK cells, the expression level of ATR in immune cells (myeloid cells, B lymphocytes, MAST cells) of tumor patients is higher. In view of this, we have reason to believe that germline ATR c.7667C>G (p.T2556S) mutation may lead to familial clusters of lung adenocarcinoma and differentially expressed ATR may play an essential role in the occurrence and development of lung adenocarcinoma. Moreover, based on somatic mutation data, we found common driver gene mutations such as EGFR, BRCA1, ROS1, etc. We predicted 136 new driver gene mutations such as PNCK, IP6K2, CLEC18C, etc. through OncodriveCLUST software (36). These gene mutations may be secondary somatic mutations based on germline ATR c.7667C>G (p.T2556S) mutations, which eventually lead to the occurrence and progression of lung adenocarcinoma.

ATR, as a necessary gene in the DNA damage repair pathway, is involved in the coordination of cell-cycle transitions, DNA replication, DNA repair, and apoptosis (37). Previous studies have shown that germline gene mutations that occur in the DNA damage repair pathway often irreversibly lead to tumors (38, 39). Furthermore, germline abnormalities in DNA repair genes lead to advanced solid tumor (such as prostate, ovarian, pancreatic, and breast cancer) susceptibility to poly ADP ribose polymerase (PARP) inhibitors (40–42). To our knowledge, this is the first such case report confirming the presence of c.7667C>G (p.T2556S), a germline ATR mutation, in a family with three occurrences of lung adenocarcinoma The resulting amino acid mutation, p.Thr2556Ser, was detected in the ATR’s conserved Phosphoinositide 3- and 4-kinase domain, which is involved in biological processes such as cell growth, proliferation, differentiation, motility, survival, and intracellular trafficking (43).

The population frequency in the entire population is 0.0399361 percent, suggesting that this ATR germline mutation may be a genetic susceptibility factor for lung adenocarcinoma. Our findings contribute to the understanding of the genesis and mechanism of lung cancer and may give clues for oncology treatment strategies and cancer prevention.
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Background

Alternative splicing (AS), a pivotal post-transcriptional process across more than 95% of human transcripts, is involved in transcript structural variations and protein complexity. Clinical implications of AS events and their interaction with tumor immunity were systematically analyzed in lung adenocarcinoma (LUAD).



Methods

Transcriptome profiling as well as AS data of LUAD were retrospectively curated. Then, the network of the overall survival (OS)-relevant AS events with splicing factors was established. After screening OS-relevant AS events, a LASSO prognostic model was conducted and evaluated with ROC curves. A nomogram that integrated independent prognostic indicators was created. Immune response and immune cell infiltration were estimated with ESTIMATE, CIBERSORT, and ssGSEA algorithms. Drug sensitivity was inferred with pRRophetic package.



Results

In total, 2415 OS-relevant AS events were identified across LUAD patients. The interaction network of splicing factors with OS-relevant AS events uncovered the underlying regulatory mechanisms of AS events in LUAD. Thereafter, a prognostic model containing 12 AS events was developed, which acted as a reliable and independent prognostic indicator following verification. A nomogram that constituted stage and risk score displayed great effectiveness in evaluating the survival likelihood. Moreover, the AS-based prognostic model was in relation to immune response and immune cell infiltration. Patients with a high-risk score displayed therapeutic superiority to cisplatin, erlotinib, gefitinib, and gemcitabine. Finally, three AS-relevant genes (CDKN2A, TTC39C, and PKIB) were identified as prognostic markers.



Conclusion

Collectively, our findings developed an AS event signature with powerful prognostic predictive efficacy in LUAD.
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Introduction

As the highest incidence cancer type, lung cancer also causes the most cancer-related deaths (1, 2). According to reports, 85% of all new lung cancers each year are non-small cell lung cancer (NSCLC), with a dismal 5-year survival rate of < 16% (3). Currently, lung adenocarcinoma (LUAD) accounts for the leading pathological subtype of NSCLC, which exhibits rising morbidity among young women and non-smokers (4). Moreover, patients with advanced lung adenocarcinoma are often accompanied by poor long-term prognosis. Currently, surgical resection plus radio- or chemotherapy represents the first choice and main therapeutic means against LUAD (5, 6). Despite recent advances in immunotherapeutic strategies, LUAD patients display diverse responses to immune-based therapies (6–8). Few schemes to prevent and early treat LUAD are developed mainly because of the few characteristic targets upon molecular pathogenesis (9).

Alternative splicing (AS), a pervasive cellular process, exerts a critical function in the post-transcriptional process where a variety of transcripts from the same gene are generated, contributing to proteome complexity (10). More than 95% of human genes incur AS events during physiological process (11). AS events are remarkedly modulated with tissue and developmental stage-specific manners, which are often deregulated in diverse cancer types (12). Abnormal RNA splicing drives tumor initiation and progression through affecting metabolic reprogramming, proliferation, metastases, and resistance of tumor cells and microenvironment (13–16). Moreover, deregulated splice variants produce effects on the therapeutic responses to targeted therapy, radio-, chemo- and immunotherapies (17). Thus, it is mostly important to ascertain pathological splicing isoforms regarding the development of novel practical markers and clarifying the mechanisms involving in deregulated AS events, eventually expounding the influences on cancers, and offering more effective treatment schemes. To date, accumulated evidence uncovers the biological relevance as well as clinical implications of AS events during lung tumorigenesis (18–21). Lung carcinogenesis principally evolves by sequential genetic changes and genomic deregulation, which is also influenced by tumor microenvironment. LUAD exhibits interpatient and intratumor heterogeneity in tumor cells and microenvironment (22). Nevertheless, the underlying relations of AS events with tumor microenvironment of LUAD remain ill-defined.

Herein, our research conducted comprehensive analyses upon AS events across LUAD and identified LUAD-specific AS events for developing novel prognostic markers. Moreover, our findings provided novel thinking about the interactions between AS events and immunity in LUAD.



Materials and Methods


Data Retrieval

Transcriptome profiling and clinicopathologic characteristics of 522 LUAD specimens were retrospectively curated from the Cancer Genome Atlas (TCGA) project utilizing TCGAbiolinks R package (23). Table 1 lists clinicopathological data of 522 LUAD patients. AS data were curated from TCGA SpliceSeq (https://bioinformatics.mdanderson.org/TCGASpliceSeq) (24). Then, Percent Spliced In (PSI) values that ranged from 0 to 1 were determined for AS events across transcripts. AS events were classified into seven forms, containing Alternate Donor site (AD), Alternate Acceptor site (AA), Alternate Terminator (AT), Alternate Promoter (AP), Mutually Exclusive Exons (ME), Exon Skip (ES), and Retained Intron (RI). AS events with PSI value ≥ 75%, and average PSI value ≥ 0.05 were enrolled for subsequent analysis. UpSetR package was employed for visualizing the distribution of AS events in LUAD (25).


Table 1 | Clinicopathological characteristics of 522 LUAD patients from TCGA cohort.





Screening OS-Relevant AS Events in LUAD

OS-relevant AS events were selected across LUAD patients through the survival R package utilizing univariate regression analyses following the criteria of p-value < 0.05. In addition, UpSet and volcano plot were adopted for describing the distribution of OS-relevant AS events. Thereafter, the first 20 AS events in different types of AS were visualized into bubble plots.



Establishment of an OS-Relevant Splicing Factor-AS Interaction Network

SpliceAid project was employed to curate specific splicing factors (26). Furthermore, Pearson correlation test was adopted for analyzing the interactions of splicing factors with OS-relevant AS events. The Cytoscape (version 3.8.0) was utilized for visualizing this interactional network of splicing factors with OS-relevant AS events and correlation coefficient > 0.6 as well as p < 0.05 as the filtering criteria (27).



Construction and Validation of Predictive Models Based on AS Events

The glmnet R package was adopted to establish a least absolute shrinkage and selection operator (LASSO) prognostic model based on OS-relevant AS events across LUAD patients (28). The prognostic scoring formula was conducted with this formula: risk score= PSI value of AS event1 × Coef1 + PSI value of AS event2 × Coef2 … + PSI value of AS eventn × Coefn, in which Coefn represented the regression coefficient. Then, we stratified LUAD patients into different risk subpopulations according to median risk score. The receiver operating characteristic (ROC) curve was generated utilizing timeROC R package for showing the specificity and sensitivity of risk score in evaluating prognosis of LUAD. The Kaplan-Meier curves were applied to assess the differences in OS rate with the survival R package. Additionally, Cox regression models were conducted for analyzing the interactions of age, gender, tumor stage, and risk score with OS outcomes.



Construction of a Prognostic Nomogram

In order to evaluate OS outcomes, a prognostic nomogram comprised of independently prognostic indicators AS-relevant risk signature as well as stage was conducted for estimating 1‐, 2‐, and 3‐year OS probabilities with the rms R package. Subsequently, calibration curves which showed the survival implications of this nomogram were depicted. The calibration curve close to 45° was considered as an excellent indicator in this nomogram.



Immune Cell Infiltrations Estimated via Deconvolution Algorithm and Single-Sample Gene Set Enrichment Analysis (ssGSEA)

The cell type identification by Estimating Relative Subsets Of RNA Transcripts (CIBERSORT) deconvolution algorithm was adopted to estimate the abundances of 22 diverse leukocyte subsets (29). CIBERSORT results for samples with p < 0.05 indicated that the estimated abundances of leukocyte subsets were reliable, which were eligible for subsequent analysis. For each specimen, estimations were standardized to sum up to 1, thereby being interpreted directly as cellular fraction. The ssGSEA from Gene Set Variation Analysis (GSVA) was employed for quantification of the relative abundances of 29 immune cells as well as functions following the special feature gene panels across LUAD specimens (30). The ssGSEA enrichment score was indicative of the relative abundance, which was standardized to range from 0 to 1.



Identifying and Comparing the Immune Profiles of Different Risk Groups

The Estimation of Stromal and Immune Cells in Malignant Tumors using Expression Data (ESTIMATE) R package possesses the significant advantage in estimating the specific features of transcriptome profiles (31). The gene sets of immune checkpoints were downloaded from recent research (32, 33). The mRNA expression of immune checkpoints was quantified across LUAD specimens. Tumor mutational burden (TMB) was employed to predict clinical response to immunotherapy (34). TMB was calculated according to the formula: (entire counts of variants)/(the entire lengths of exons) in line with the variants of LUAD specimens that were extracted from the mutational profiles.



Estimation of Drug Sensitivity

Half-maximal inhibitory concentration (IC50) values for cisplatin, gemcitabine, gefitinib, and erlotinib were estimated with the pRRophetic R package by ridge regression analysis (35, 36). IC50 indicated the treatment response to above chemotherapeutic agents in TCGA cohort.



Statistical Analysis

Spearman’s correlation analysis was conducted to estimate composition differences. Wilcoxon signed rank test was applied for comparisons in two groups. Kaplan-Meier survival curve was implemented for evaluating the survival differences between groups. Cox regression analysis was conducted for verifying the associations of certain indicators with LUAD prognosis. To evaluate the performance of prognosis prediction, time-independent ROC curves were conducted and area under the curve (AUC) was calculated with timeROC R package. Statistical analysis was achieved utilizing R software (version 4.02). P <0.05 was taken into consideration statistically.




Results


Identification of OS-Relevant AS Events in LUAD

In total, 43,945 AS events were identified across 522 LUAD patients (Figure 1A). ES accounted for the most frequent AS signature, followed by AT and AP. Univariate analyses were presented to qualify the impact of each AS event on patients’ OS. Subsequently, 2415 AS events displayed remarked associations with survival outcomes of LUAD patients, in which 1356 were protective factors and 1059 were risk factors (Figure 1B). Notably, one gene may possess two or more OS-relevant AS events across LUAD patients, as shown in the UpSet plots (Figure 1C). The first 20 significant OS-relevant genes of AS events are separately shown in Figures 1D–J, which indicated that the seven alternative splicing modes exhibit great variability.




Figure 1 | Prognosis-relevant AS events and their interactions with splicing factors across LUAD patients. (A) UpSet plot showing numbers and percentages of AS events as well as their interactions across LUAD specimens. (B) Volcano plots of OS-relevant AS events in LUAD. Red dots represented AS events that were distinctly correlated to OS, but green dots did not affect patients’ OS. (C) UpSet showing numbers and percentages of seven types of OS-relevant AS events and their interactions in LUAD. (D–J) Bubble plots of the distribution of the first 20 most significant AS events in LUAD, which indicated that the seven alternative splicing modes exhibit great variability. (K) The OS-relevant splicing factor-AS interaction network in LUAD. Triangle bubbles indicated splicing factors and diamond bubbles indicated AS events. The red and blue line separately indicated positive and negative connection in splicing factors and AS events. Red and green diamond bubbles separately meant adverse and favorable prognosis-relevant AS events.





Construction of an OS-Relevant Splicing Factor-AS Interaction Network in LUAD

Splicing factors act as dominant regulators of AS events, which may affect the splicing of oncogenes as well as tumor suppressors (37). For exploring the underlying interactions of the expressions of splicing factors with AS events, we visualized the splicing-regulatory network, as depicted in Figure 1K. In total, three splicing factors (including SEC31B, CLK1, and DDX39B) displayed prominent associations with 44 OS-relevant AS events. Furthermore, most favorable AS events exhibited positive interactions with the expression of splicing factors and the three splicing factors were in relation to multiple AS events. Thus, splicing factors may act as an indispensable role in modulating AS events during lung carcinogenesis.



Development of a Reliable Prognostic AS Event-Based Signature in LUAD

For avoiding over-fitting, LASSO Cox analysis was adopted for developing a prognostic model of LUAD on the basis of OS-relevant AS events. Through cross-verification, the optimal parameters were selected (Figure 2A) and the coefficients in LASSO regression model were determined (Figure 2B). Ultimately, 12 OS-relevant AS events (BEST3|23330|AT, CDKN2A|86004|AP, TTC39C|44852|AP, MEGF6|315|ES, PKIB|77377|AP, CA5B|98313|ES, HNRNPLL|53258|AT, LDB1|12935|AP, C12orf76|24406|AT, AP2B1|40327|AD, LETM2|83398|AT, MRPL33|53046|ES) were identified (Table 2). In line with the regression coefficients and PSI value of 12 OS-relevant AS events, we calculated risk scores of LUAD patients. Thereafter, LUAD patients were classified into different groups with median risk score of 0.8834 (Figure 2C). Moreover, we noticed that high-risk subpopulations were often accompanied by high mortality (Figure 2D). Heatmap depicted the heterogeneity in PSI values of 12 OS-relevant AS events (Figure 2E). Prognostic analyses uncovered that high-risk subpopulations exhibited remarkedly dismal OS outcomes (Figure 2F). The validity of the prognostic model in prognosis prediction was verified through ROC analysis. The AUC values at 1-, 3-, and 5-year OS were separately 0.762, 0.770, and 0.725, showing the good effectiveness of this model in prognosis prediction (Figure 2G).




Figure 2 | Development of a reliable prognostic model for LUAD patients. (A) The distribution of partial likelihood deviance corresponding to λ-logarithm value. (B) LASSO coefficient profiling of OS-relevant AS events. The lines stood for OS-relevant AS events and candidates AS events were chosen utilizing ten-fold cross-verification with minimum criteria. (C) The distribution of risk score across LUAD patients. Red dots meant high-risk patients while green dots meant low-risk patients. (D) Scatter plots depicted distribution of LUAD patients’ survival time and status. Red dots denoted patients who were dead, whereas green dots denoted patients who were alive. (E) Heatmap displayed the distribution of PSI values for the established prognostic model. (F) Kaplan–Meier survival curves of high- and low-risk LUAD patients. (G) ROC curves at 1, 3, and 5 years of the prognostic model for LUAD patients.




Table 2 | Twelve OS-relevant AS events in the LASSO prognostic model.





Associations of the Prognostic Model With Clinicopathological Characteristics of LUAD

Through ROC analysis, we presented the comparisons of AUC values and noticed that risk score displayed the higher AUC values under 1-, 3-, and 5-year survival compared with clinicopathological features (age, gender, and stage; Figures 3A–C). Additionally, the differences in risk score between distinct clinicopathological features were compared among LUAD patients. No significant differences were observed between age ≤65 and > 65 (Figure 3D) as well as between non-metastasis (M0) and metastasis (M1; Figure 3E). Increased risk score was investigated in male and female patients (Figure 3F). As T, N, and stage increased, risk score was gradually elevated (Figures 3G–I), indicating that the prognostic model contributed to LUAD progression.




Figure 3 | Associations of the prognostic model with clinicopathological characteristics of LUAD. (A–C) Comparisons of AUC at 1-, 3-, and 5-year survival estimated by risk score and clinicopathological characteristics through ROC analysis. (D–I) Box plots showing the distribution of risk scores in distinct clinicopathological characteristics, containing (D) age (≤65 vs. > 65), (E) M stage (M0 vs. M1), (F) gender (female vs. male), (G) T stage (T1 vs. T2 vs. T3 vs. T4), (H) N stage (N0 vs. N1 vs. N2 vs. N3) and (I) stage (stage I vs. stage II vs. stage III vs. stage IV).





The Prognostic Model Acts as an Independently Prognostic Indicator of LUAD

We further verified the prognostic value of clinical characteristics and risk score and found that risk score and stage possessed the potential to independently predict LUAD prognosis (Figures 4A, B). Thereafter, a prognostic nomogram containing independent prognostic indicators risk score as well as clinicopathological stage was conducted for forecasting patients’ outcomes (Figure 4C). Calibration curves were indicative of the powerful prognostic predictive capacity of this nomogram in 1-, 3-, and 5-year OS (Figures 4D–F).




Figure 4 | Evaluation of the independence of prognostic model in prognostic prediction and construction of prognostic nomograms for LUAD. (A, B) Univariate and multivariate Cox analysis of risk score and clinicopathological features with LUAD prognosis. (C) The nomogram of risk score signature and stage for prediction of 1-, 3-, and 5-year OS of LUAD. (D–F) Calibration curves used to compare nomogram estimated 1-, 3-, and 5-year survival probabilities with actual survival time.





Development of a Prognostic Nomogram Containing the Prognostic Model and Stage

For further applying our findings to clinical practice, this study constructed a nomogram prognostic score system in the prediction of 1-, 3-, and 5-year OS outcomes of LUAD patients (Figure 4C). The scoring system included the prognostic model and stage. Thereafter, for verifying the reliability of the prognostic nomogram, calibration plots were conducted and confirmed the practical significance of the model. As depicted in Figures 4D–F, the model possessed the potential in determining survival outcomes with a high predicted accuracy.



Associations of the Prognostic Model With Tumor Immunity

We firstly estimated infiltration levels of immune and stromal cells across LUAD patients. Accordingly, patients with a high-risk score displayed reduced immune score and stromal score (Figures 5A, B). Nevertheless, higher tumor purity was investigated in high-risk patients (Figure 5C). Then, we determined ESTIMATE and noticed the prominently decreased ESTIMATE score in the high-risk group (Figure 5D). Thus, low-risk tumors were accompanied by abundant infiltrations of immune and stromal cells. Then, we systematically investigated the immune cell infiltration landscape across LUAD with CIBERSORT algorithm. We noticed that the low-risk group displayed high infiltration levels of B cells naïve, T cells CD4 memory resting, monocytes, and mast cells resting (Figure 5E). Oppositely, the high-risk group exhibited increased infiltration levels in T cells CD4 memory activated, T cells follicular helper, T cells regulatory (Tregs), NK cells resting, macrophages M0, and macrophages M1. Supplementary Figure 1 displays interactions of risk score signature with above immune cell infiltrations. Subsequently, we revealed the activities of immune functions and immune cell infiltrations across LUAD ssGSEA method. In Figures 5F, G, higher abundance levels of aDCs, B cells, HLA, iDCs, mast cells, neutrophils, T helper cells, TIL, and type II IFN response were investigated in the low-risk group while MHC class I and NK cells exhibited higher abundance levels in the high-risk group. We also evaluated the interactions of the prognostic model with immune checkpoints across LUAD. As depicted in Figure 5H, this prognostic model possessed a positive association with CD274. Moreover, we observed that the low-risk group was characterized by increased expression of most immune checkpoint-related genes (Figure 5I). Thus, low-risk patients were indicative of higher immune response as well as immune cell infiltration.




Figure 5 | Associations of prognostic model with immune microenvironment across LUAD patients. (A–D) Distribution of estimate, immune, and stromal score and tumor purity in different risk groups. (E) Comparisons of the levels of tumor immune infiltration in different risk subpopulations with CIBERSORT algorithm. (F) Comparisons of the abundance levels of immune cell infiltrations and immune functions in different risk subpopulations utilizing ssGSEA algorithm. (G) Heatmap visualizing the distribution of the abundance levels of immune cell infiltrations and immune functions. (H) Associations of risk score signature and common immune checkpoint molecules across LUAD. (I) Comparisons of the expressions of immune checkpoint molecules in different risk subpopulations. *P < 0.05; **p < 0.01; ***p < 0.001.





Associations of the Prognostic Model With TMB and Drug Responses

The interaction of the prognostic model with TMB was also observed across LUAD. As shown in Figure 6A, the high-risk group exhibited a remarkedly increased TMB score. Moreover, we presented survival analysis among diverse subgroups. We noticed that subpopulations possessing an elevated TMB score as well as a reduced risk score displayed the most favorable survival outcomes while those with a low TMB score and high-risk score exhibited the poorest survival outcomes (Figure 6B). Chemotherapy and targeted therapy were gradually applied in treatments for patients with advanced lung adenocarcinoma. It is of great significance to evaluate the responses of certain drugs in different risk subpopulations. Herein, we identified the treatment responses of some drugs that were widely used in the treatment of LUAD. As shown in Figures 6C–F, the high-risk group possessed prominently lowered IC50 values of cisplatin, erlotinib, gefitinib, and gemcitabine, indicating that this subpopulation possessed higher sensitivity to these therapeutic agents. The above findings provide more clues for individualized treatment strategies in LUAD patients.




Figure 6 | Associations of prognostic model with TMB and drug responses. (A) Comparisons of TMB score between high- and low-risk groups. (B) Survival analysis of different TMB score and risk score groups. (C–F) Comparisons of sensitivity to cisplatin, erlotinib, gefitinib, and gemcitabine between high- and low-risk groups.





Identification of Prognostic AS Events-Related Genes

We found that CDKN2A, PKIB, and TTC39C exhibited a higher expression in LUAD than normal tissues among the 12 AS events-relevant genes in the prognostic models (Figures 7A–C). Moreover, survival analysis uncovered that highly expressed CDKN2A and PKIB were in relation to more dismal survival probabilities of LUAD (Figures 7D, E). In contrast, high TTC39C expression was indicative of the marked survival advantage (Figure 7F).




Figure 7 | Identification of prognostic AS events-related genes. (A–C) The expression patterns of CDKN2A, PKIB, and TTC39C in LUAD and normal tissues. (D–F) Kaplan-Meier plots of different expression of CDKN2A, PKIB, and TTC39C. ***p < 0.001.





Associations of Prognostic AS Events-Related Genes With Immune Microenvironment

We further investigated the interactions of the three prognostics AS events-related genes (CDKN2A, PKIB, and TTC39C) with immune response and immune cell infiltration across LUAD. We found that deregulated CDKN2A did not affect estimate, immune, and stromal score as well as tumor purity (Figures 8A–D). For Figures 8E–H, high PKIB expression was characterized by increased estimate, immune, and stromal score but reduced tumor purity. Moreover, high TTC39C expression displayed remarkedly decreased estimate, immune, and stromal score but elevated tumor purity (Figures 8I–L). In Figure 8M, CDKN2A upregulation was in relation to increased infiltration levels of T cells CD8, T cells CD4 memory activated, and macrophages M1. PKIB deregulation was in relation to infiltrations of B cell naïve, B cells memory, plasma cells, T cells CD8, macrophages M1, macrophages M2, dendritic cells resting and mast cells resting (Figure 8N). B cells native, plasma cells, T cells follicular helper, and NK cells activated exhibited the increased infiltration levels in high TTC39C expression group (Figure 8O). The ssGSEA results uncovered the increased infiltrations of APC co-inhibition, CD8+ T cells, inflammation-promoting, MHC class I, NK cells, T cell co-stimulation, Tfh, and Th1 cells in high CDKN2A expression group (Figure 8P). PKIB upregulation was in relation to most immune functions and immune cell infiltrations (Figure 8Q). In Figure 8R, we noticed the prominent interactions of high TTC39C expression with activation of most immune functions and immune cell infiltrations. We also estimated the associations of CDKN2A, PKIB, and TTC39C with immune checkpoint molecules. Most immune checkpoint molecules exhibited positive interactions with CDKN2A, PKIB, and TTC39C (Figures 8S–U).




Figure 8 | Associations of prognostic AS events-related genes with immune response and immune cell infiltration. (A–D) Violin plots depicted the distribution of estimate, immune, and stromal score as well as tumor purity in high and low CDKN2A groups. (E–H) Violin plots depicted the distribution of estimate, immune, and stromal score as well as tumor purity in high and low PKIB groups. (I–L) Violin plots depicted the distribution of estimate, immune, and stromal score as well as tumor purity in high and low TTC39C groups. (M–O) The distribution of the abundance levels of tumor-infiltrating immune subpopulations in high and low expression of CDKN2A, PKIB, and TTC39C groups. (P–R) The distribution of the abundance levels of immune cell infiltrations and immune functions in high and low expression of CDKN2A, PKIB, and TTC39C groups. (S–U) Expression levels of immune checkpoint related genes in high and low CDKN2A, PKIB, and TTC39C subpopulations. *P < 0.05; **p < 0.01; ***p < 0.001.






Discussion

AS, a crucial post-transcriptional modification, can produce diverse mRNA variants, which results in structural transcription variation and protein diversity (38, 39). Emerging evidence suggests the functions of AS events in lung carcinogenesis (40). For instance, diverse splicing types of regulators of cell apoptosis may affect NSCLC progression through modulating the imbalance between pro-apoptosis and apoptosis (41–43). Herein, we systematically uncovered the prognostic implications and immunity of AS events in LUAD.

Herein, in total, 43,945 AS events were identified across LUAD, indicating that AS might be a common modification in LUAD. Following survival analysis, we observed 2415 OS-related AS events as well as distinct splicing types had specific splicing preferences, which might assist in formulating more effective treatment regimens. Previous studies have shown that the binding of splicing factors to specific RNA sequences in genome determines precise regulation of RNA splicing (44). Thus, an integrative analysis was conducted for addressing the underlying mechanisms involving them during lung tumorigenesis. The OS-relevant splicing factor-AS interaction network showed the prominent interactions of 44 OS-relevant AS events with three splicing factors (SEC31B, CLK1, and DDX39B). Previously, CLK1 could modulate the chemoresistance of glioma cells via glycolytic signaling mediated by AMPK/mTOR/HIF-1α (45) as well as participating in modulating the splicing process of gastric cancer, serving as an underlying therapeutic target against this malignancy (46). Chemical suppression of CLK1 may disrupt the recruitment of internal kinetochores as well as impair cell cycle progression, contributing to unprogrammed cell death (47). Moreover, inhibition of DDX39B triggers sensitivity of BRCA1-mutant ovarian cancer cells to chemotherapy drugs such as platinum and PARPi (48). Our data indicate that splicing factors and AS events were not only one-to-one coordination or antagonistic regulatory interactions, revealing the complexity of their regulatory network.

With the LASSO method, we established an AS event-based prognostic model (BEST3|23330|AT, CDKN2A|86004|AP, TTC39C|44852|AP, MEGF6|315|ES, PKIB|77377|AP, CA5B|98313|ES, HNRNPLL|53258|AT, LDB1|12935|AP, C12orf76|24406|AT, AP2B1|40327|AD, LETM2|83398|AT, MRPL33|53046|ES) in LUAD. In-depth analysis verified that this model could accurately indicate outcomes of LUAD patients. Accumulated evidence suggests that AS events are in relation to the remodeling of the tumor microenvironment (15, 49). Herein, our data uncovered the high-risk group presented the features of decreased infiltrations of immune and stromal cells as well as increased tumor purity. Additionally, LUAD patients with a high risk presented worse immune reactivity, which might contribute to shorter survival duration as well as higher degree of malignancy. TMB was characterized as an effective indicator for prediction of clinical response to immunotherapy (34, 50, 51). Our data indicated that the high-risk group presented higher TMB score, which revealed that patients in high-risk groups may experience better outcomes with immunotherapy. Subgroup analysis uncovered those patients with reduced TMB score and increased risk score tended to exhibit more malignant clinical outcomes and shorter survival duration. Moreover, we noticed that patients with a high-risk score presented higher priority to cisplatin, gemcitabine, erlotinib, and gefitinib, providing a reference for the choice of the optimal chemotherapeutic or targeted therapeutic regimen.

Previous research revealed the parental genes of AS events displayed deregulation owing to abnormal AS events (52). Therefore, we identified 12 AS-relevant genes (BEST, CDKN2A, TTC39C, MEGF6, PKIB, CA5B, HNRNPLL, LDB1, C12orf76, AP2B1, LETM2, MRPL33) in the AS event-based prognostic model. Further, we investigated the upregulation of CDKN2A, TTC39C, and PKIB expressions in LUAD as well as their upregulation was indicative of dismal outcomes in LUAD. Further analysis uncovered that highly expressed PKIB was related to increased infiltrations of immune and stromal cells and opposite findings were investigated for TTC39C. Additionally, CDKN2A, TTC39C, and PKIB exhibited positive associations with most immune checkpoint molecules across LUAD. The data indicated that CDKN2A, TTC39C, and PKIB exerted critical functions in modulating tumor immunity of LUAD. Previously, CDKN2A was shown to be associated with polymorphism of GSTs genes in esophageal squamous cell carcinoma (53). PKIB facilitates breast and lung carcinogenesis through modulating Akt signaling (54). To date, TTC39C has no relevant literature reports on its role in tumorigenesis. Several limitations have been pointed out in our study. Firstly, the AS event-based prognostic model was developed based on a retrospective cohort. The predictive power of this model needs to be validated in more prospective cohorts. Moreover, the limited evidence is not enough to fully explain the specific roles of these genes in lung tumorigenesis. In follow-up studies, we will conduct further experiments to validate our findings.



Conclusion

Collectively, our research presented systematic analyses of AS events across LUAD, and finally developed a reliable and independent prognostic model on the basis of AS events. Our in-depth analyses revealed the interactions of AS events with immune response and immune cell infiltrations. Finally, we identified three prognostic AS-event-related genes that might play a non-negligible role in lung carcinogenesis. Nevertheless, their potential significance as prognostic indicators and therapeutic targets in clinical applications deserve further study.
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Hypothesis

Patients with cancer have different impedances or conductances than patients with benign normal tissue; thus, we can apply electrical impedance analysis (EIA) to identify patients with cancer.



Method

To evaluate EIA’s efficacy and safety profile in diagnosing pulmonary lesions, we conducted a prospective, multicenter study among patients with pulmonary lesions recruited from 4 clinical centers (Zhongshan Hospital Ethics Committee, Approval No. 2015-16R and 2017-035(3). They underwent EIA to obtain an Algorithm Composite Score or ‘Prolung Index,’ PI. The classification threshold of 29 was first tested in an analytical validation set of 144 patients and independently validated in a clinical validation set of 418 patients. The subject’s final diagnosis depended on histology and a 2-year follow-up.



Results

In total, 418 patients completed the entire protocol for clinical validation, with 186 true positives, 145 true negatives, 52 false positives, and 35 false negatives. The sensitivity, specificity, and diagnostic yield were 84% (95% CI 79.3%-89.0%), 74% (95% CI 67.4%-79.8%), and 79% (95%CI 75.3%-83.1%), respectively, and did not differ according to age, sex, smoking history, body mass index, or lesion types. The sensitivity of small lesions was comparable to that of large lesions (p = 0.13). Four hundred eighty-four patients who underwent the analysis received a safety evaluation. No adverse events were considered to be related to the test.



Conclusion

Electrical impedance analysis is a safe and efficient tool for risk stratification of pulmonary lesions, especially for patients with a suspicious lung lesion.





Keywords: electrical impedance, lung cancer, pulmonary nodules, diagnosis, prospective



Highlights

	- What is the key question?

	Could we apply electrical impedance analysis (EIA) to identify patients with cancer?

	- What is the bottom line?

	EIA is a safe and efficient tool for risk stratification of pulmonary lesions, especially for patients presenting with a suspicious lung lesion.

	- Why read on?

	As a non-invasive test, EIA can be adjunctively incorporated with CT screening to both avoid overdiagnosis and missed diagnosis.





Introduction

Lung cancer has become the most common incident cancer and the leading cause of cancer death in China (1). Low-dose computed tomography (LDCT) screening has reduced the mortality in high-risk populations (2, 3), but since LDCT involves the use of radiation, asymptomatic people are reluctant to undergo routine screening. Consequently, there is an unmet need for a non-invasive, radiation-free, and easy-to-use diagnostic tool for lung cancer risk stratification. Electrical impedance analysis (EIA) can be used to obtain impedance information related to human physiological and pathological conditions. In EIA, an electrode probe is placed on the body, and a small amount of current is passed through the body, allowing analysis of its impedance. The application scope of EIA includes monitoring pulmonary function, constructing functional brain imaging, evaluating body composition and nutrition status, and identifying tumors (4).

Bioimpedance has been valuable in detecting various cancers, including skin, thyroid, liver, cervix, and breast cancers (5–12), with breast cancer being the most extensively studied bioimpedance technology (9–12). It is well known that cancerous tissue has distinctly different electrical properties from non-cancerous tissue (13). This has been attributed to the high water and sodium content within cancerous tissues, altered membrane composition, the nucleus-to-cytoplasm ratio, and cellular composition and density (14–16). To construct an impedance analytical system for lung cancer detection, Kimura et al. (17) inserted an electric probe into the pulmonary mass during thoracotomy among 53 patients (17). They diagnosed 9 patients with intrathoracic lesions using the analytical system confirmed by a needle biopsy, resulting in no false negatives and only one false positive (17). Transcutaneous measurement of dermal impedance has been developed as an indication of internal organ pathologies, which was confirmed to be helpful in the diagnosis of lung cancer (18, 19). Current devices on the market to characterize biopsied tissue utilize what is generally referred to as Electrical Impedance Spectroscopy (EIS). Additional devices that monitor or image the various electrical properties of tissues are typically referred to as using Electrical Impedance Tomography (EIT). While the ProLung device shares some common aspects of these other technologies, it is unique in that the device does not measure or image the tumor nodule directly, but rather measures the systemic changes (bulk resistive changes to the interstitial fluids within the extracellular matrix and lymph system due to the presence of cancer in the body), which are significant and measurable due to the presence of cancer in the body (14, 20–26). Therefore, its accuracy is less affected by the size of the lesion, unlike traditional imaging technologies such as CT and PET scans.

In our previous study, we developed an EIA approach using 31 bilateral points on the skin surface (27). We achieved 89.7% sensitivity and 91.7% specificity in distinguishing between a cohort of lung cancer patients and healthy volunteers. This study optimized the detection sites to 20 skin surface points and updated the algorithm to compute an Algorithm Composite Score combining the impedance results from all detection sites. Based on our previous study, we enrolled more participants in this prospective, multicenter, blind validation study aiming to confirm EIA’s efficacy and safety profile in lung cancer diagnosis.



Materials and Methods


Participants

From June 2015 to August 2019, we recruited consecutive patients with pulmonary lesions suspected to be lung cancer from 4 clinical centers in China: Zhongshan Hospital Fudan University, Shanghai Chest Hospital, Shanghai Pulmonary Hospital, and Nantong Tumor Hospital. Patients recruited between June 2015 and June 2016 were enrolled in an analytical validation set for testing of the previously reported method and threshold. Patients recruited between October 2017 and August 2019 were enrolled in a clinical validation set for independent validation.

Inclusion criteria were as follows (1). Age 18–80 years (2). Presence of a pulmonary lesion 4–50 mm in diameter (3). Provision of a CT/PET (positron emission tomography) within 30 days. Exclusion criteria were as follows (1). Benign tumors of the central nervous system or other known malignancies, except for non-melanoma skin cancer, during the past five years (2). Confounding factors affecting thoracic impedance, including apparent pulmonary inflammation, tuberculosis, pleural effusion, thoracic anatomy abnormality, thoracic interventional therapy, implanted electric devices, dermatosis, and thoracic radiation or chemotherapy within the last 30 days (3). Other factors affecting thoracic anatomy and conductivity properties, such as strenuous exercise within the last 24 hours (4). Pregnancy or lactation (5). Presence of an unusually low conductivity, such as an Algorithm Composite Score of <20 when measured between the two hands following a 5-minute dwell time.

All patients provided written informed consent and agreed to undergo histological diagnosis. The ethics committee approved the protocol at each hospital. The trial was registered at www.clinicaltrials.gov (NCT02726633). All procedures involving human participants were as per the Declaration of Helsinki.



Procedure

The EIA (BSP-E2-1000-A, Prolung Biotech Wuxi Co, Wuxi, China) comprised a host computer, a reference electrode, and an impedance detector integrated with an electric probe (Figure 1). The electric probe passes a weak current (≤25 μA) through the body, forming a series circuit with the reference electrode. By sending a standard induction voltage to the interrogation location, the voltage difference across the body is detected, thus allowing the bioimpedance to be calculated. The operator measured 20 given sites on the surface of the skin. All data were delivered automatically to the host computer, and the algorithm generated an Algorithm Composite Score (or ‘Prolung Index,’ PI) for each point measured. The PI reveals the overall conductance property of the participants, which is the inverse of bioimpedance. Previous studies have shown that EIA can effectively distinguish malignancies from benign conditions; patients with Algorithm Composite Score ≥29 have a high risk for malignancy. Those with Algorithm Composite Score <29 are at low risk (27, 28). The same threshold was tested and validated in this study.




Figure 1 | Electrical impedance analysis (EIA) platform.





Follow-Up

A final diagnosis was established by a comprehensive analysis of pathology and clinical follow-up. When the diagnosis was pathologically confirmed by surgery or biopsy, no follow-up was needed for newly discovered pulmonary lesions. A definitive result confirmed by biopsy should be a conclusive malignancy or a specific benign condition, such as a granuloma, fibrosis, or clear microbiological evidence.

In cases where a histological diagnosis was not performed, or the histology was indeterminate by biopsy, the patient underwent a 2-year clinical follow-up until further intervention was performed and a definitive histological diagnosis was established. Solid lesions that remained stable after two years were recorded as benign. Subsolid lesions were further discussed by a multi-disciplinary team consisting of two radiologists and one respiratory physician to determine whether they were benign. Histological examination was recommended when a follow-up CT showed morphological changes defined by the Clinical Practice Consensus Guidelines (29). Additional details on this method are provided in the online data supplement.



Statistical Analysis

Statistical Analysis Software (SAS) (version 9.4) was used for statistical analyses. Descriptive statistics were recorded as frequency, percentage, range, and mean ± standard deviation. Categorical variables were compared using a chi-square test or Fisher’s exact probability test. All tests were performed bilaterally. A p value less than 0.05 was considered to be statistically significant.




Results


Study Cohorts

One hundred sixty-three participants with CT-detected pulmonary lesions were prospectively enrolled in the analytical validation set. Of these, 19 patients dropped out without a definitive diagnosis, resulting in 144 eligible patients for threshold testing. The baseline characteristics of the patients are shown in Table 1. Of the 144 cases, 60 had surgery, 68 had a nonsurgical bronchoscopic biopsy, and 16 had a nonsurgical fine-needle aspiration (FNA) biopsy. All nonsurgical patients were followed up for two years. The final diagnoses revealed 25 benign lesions and 119 lung cancers, including 20 squamous cell carcinomas, 88 adenocarcinomas, 3 other types of non-small-cell lung cancer, 4 small cell lung cancers, and 4 malignancies not otherwise specified.


Table 1 | Baseline characteristics of the patients.



Four hundred eighty-four participants were prospectively enrolled in the study to validate the diagnostic performance of EIA (Figure 2). Of these, 42 patients did not meet the inclusion criteria and were excluded. Another 24 patients dropped out without a definitive diagnosis, resulting in 418 patients in the final validation set. The baseline characteristics of patients are shown in Table 1. Of the 418 cases in the clinical validation set, 183 had surgery, 94 had a nonsurgical bronchoscopic biopsy or FNA biopsy, and 141 had at least two years of clinical follow-up. The final diagnoses revealed 197 benign lesions and 221 malignancies, including 19 squamous cell carcinomas, 190 adenocarcinomas, 4 small cell lung cancers, and 6 malignancies not otherwise specified, as well as 1 non-small-cell lung cancer confirmed by pathology at Shanghai Chest Hospital and 1 combined adenocarcinoma and large cell neuroendocrine carcinoma at Shanghai Pulmonary Hospital.




Figure 2 | Study design flow chart. The safety dataset (SS) was composed of all subjects who underwent EIA and had at least one safety evaluation. The full analysis set (FAS) was made up of all eligible participants who underwent EIA. The per protocol set (PPS) consisted of eligible patients who completed the whole study and excluded severe violations of the protocol. Forty-two patients who were not suitable for the test were excluded, of whom 21 did not have eligible CT, 9 had Algorithm Composite Score < 20, 4 had pulmonary mass >50 mm, 3 had nodules <4 mm, 2 received thoracic intervention therapy, 2 had tuberculosis, 1 had an implanted steel plate in the thorax, one was aged >80 years, 1 had cancer history within five years. Twenty-four patients dropped out of the study, 23 due to the absence of compliance, and one died of cancer progression.





Diagnostic Efficacy and Ease of Operation of EIA

EIA was first performed in the analytical validation set. There were 98 true positives, 18 true negatives, 7 false positives, and 21 false negatives in the EIA analysis (Table 2). The overall sensitivity, specificity, positive predictive value, negative predictive value, and diagnostic yield were 82% (95% CI 75.5%-89.2%), 72% (95% CI 54.4%-89.6%), 93% (95% CI 88.6%-98.1%), 46% (95% CI 30.5%-61.8%), and 81% (95% CI 74.1%-87.0%), respectively. These results indicated that the Algorithm Composite Score threshold previously developed using a North American cohort was sufficiently applicable for Chinese cohorts.


Table 2 | The diagnostic efficacy and ease of operation evaluation of electrical impedance analysis by different clinical centers.



In the independent clinical validation set, there were 186 true positives, 145 true negatives, 52 false positives, and 35 false negatives in the EIA analysis (Table 2). The overall sensitivity, specificity, positive predictive value, negative predictive value, and diagnostic yield were 84% (95% CI 79.3%-89.0%), 74% (95% CI 67.4%-79.8%), 78% (95% CI 72.9%-83.4%), 81% (95% CI 74.8%-86.3%), and 79% (95% CI 75.3%-83.1%), respectively. The sensitivity, specificity, and diagnostic yield were statistically comparable for the four clinical centers. However, the positive (p = 0.005) and negative predictive values (p = 0.004) differed between the four clinical centers, potentially due to differences in their benign/malignant case ratios. The overall kappa value was 0.58 (95% CI 0.50–0.65), indicating moderate consistency.



Influence of Clinical Variables on the Diagnostic Yield

The sensitivity, specificity, and diagnostic yield of EIA did not differ according to age, sex, body mass index, or patients’ smoking history (Tables 3, 4). However, patients with malignant pulmonary lesions (85%) yielded a higher sensitivity than the specificity of patients with benign lesions (56%, p < 0.01, Table 4). For lesions <10 mm, 10–30 mm, and 30–50 mm, respectively, the diagnostic yield was 82% (95% CI 70.0%-94.1%), 77% (95% CI 70.5%-82.6%), and 84% (95% CI 73.8%-94.2%) (p = 0.45), with sensitivity of 88% (95% CI 76.2%-100.0%), 82% (95% CI 76.3%-88.4%), 90% (95% CI 81.2%-99.3%) (p = 0.35), and specificity of 69% (95% CI 44.1%-94.3%), 51% (95% CI 34.9%-67.0%), 56% (95% CI 23.1%-88.0%) (p = 0.55). The specificity decreased when evaluating subjects with large pulmonary lesions (>10 mm). The sensitivity, specificity and diagnostic yield did not vary among different lesions types, including solid lesions, pure GGOs, mixed GGOs, and patchy shadows.


Table 3 | Diagnostic yield in the analytical validation dataset by different variables.




Table 4 | Diagnostic yield in the clinical validation dataset by different variables.



Because a 2-year clinical follow-up was insufficient to establish a definitive diagnosis for subsolid lesions, we tabulated the diagnostic results of EIA. We then compared them with the findings obtained from pathology and clinical follow-up (Table 5). Of the pure GGOs, 44.52% (65/146) were diagnosed by pathology, resulting in a sensitivity, specificity, and diagnostic yield of 78% (45/58, 95% CI 66.9%-88.3%), 57% (4/7, 95% CI 20.5%-93.8%), 75% (49/65, 95% CI 64.9%-85.9%), respectively. A total of 81 pure GGOs were established through a final diagnosis by clinical follow-up, resulting in a sensitivity, specificity, and diagnostic yield of 100% (1/1), 80% (64/80, 95% CI 71.2%-88.8%), and 80% (65/81, 95% CI 71.6%-88.9%), respectively. Of the mixed GGOs, 81% (89/110) were diagnosed by pathology, resulting in a sensitivity, specificity, and diagnostic yield of 84% (64/76, 95% CI 76.0%-92.4%), 54% (7/13, 95% CI 26.7%-80.9%), 80% (71/89, 95% CI 71.4%-88.1%), respectively. A total of 21 mixed GGOs were established through a final diagnosis by clinical follow-up, resulting in a sensitivity, specificity, and diagnostic yield of 100% (1/1), 75% (15/20, 95% CI 56.0%-94.0%), and 76% (16/21, 95% CI 58.0%-94.4%), respectively.


Table 5 | Diagnostic result of Electrical impedance analysis (EIA) compared with pathology and follow-up in subsolid lesions.





Complications

The safety evaluation was conducted on 484 patients who were evaluated by EIA. No patient discomfort related to the measurement procedure was reported during the course of, or within 24 hours of, the operation. However, one patient died of lung cancer progression during clinical follow-up.




Discussion

In this prospective, multicenter study assessing the use of EIA as a diagnostic tool for Chinese patients with pulmonary lesions, EIA was shown to be capable of safely and accurately discriminating between malignant and benign lesions with high sensitivity, specificity, and diagnostic yield. This accuracy was seen to be unaffected by patient demographics and clinical characteristics such as age, sex, smoking history, body mass index, or lesion types. Of note, the sensitivity associated with small lesions was comparable to that for large lesions.

EIA has long been used for electrocardiographs and electroencephalograms. It has also been utilized in skin cancer identification, thyroid nodule differentiation, and breast cancer risk stratification and screening (30–34). Stojadinovic et al. conducted breast cancer screening among 1,103 young women using EIA and established a sensitivity of 50% and a specificity of 90% (32, 33). No large-scale clinical trials have been conducted to evaluate EIA’s utility in pulmonary lesion risk stratification.

The American National Lung Screening Trial (NLST) demonstrated a relative reduction in lung cancer mortality of 20% following implementation of screening using three annual low-dose CT scans compared with planar chest radiographs among a high-risk population (3). However, using the NLST data, Bach et al. (35) estimated that approximately one radiation-associated cancer death would result per 2,500 people screened (35). Unlike CT, EIA does not employ ionizing radiation and so would be expected to have a lower risk of screening associated malignancies. CT screening is a trade-off that benefits people with potential high risk (aged 55–74 years, smoking history ≥30 pack-years). But for the low-risk population, the harm may outweigh the benefits (35, 36).

Following CT screening, false negatives result in late diagnosis and poor prognosis. False-positive CT readings lead to psychological distress, more frequent follow-up exposure to ionizing radiation (full dose CTs and PET-CT scans), and potentially unnecessary and harmful invasive procedures. Individuals with indeterminate pulmonary nodules >8 mm are recommended to undergo diagnostic procedures, such as PET, nonsurgical biopsy, surgery, and CT surveillance (37). Although the non-invasive PET has a sensitivity of 72–94% for malignant lesions, it is not very effective in diagnosing small nodules (<8–10 mm), pure GGOs, and mixed GGOs with a solid component ≤8 mm (37, 38), for which EIA has better performance than PET. The diagnostic yield of EIA for pure GGOs (78%) was not inferior to that for solid nodules (80%), mixed GGOs (79%), and patchy shadows (100%; p = 0.37), as was its sensitivity (p = 0.39) and specificity (p = 0.32). Additionally, EIA has a very impressive sensitivity of 85% for nodules <10 mm, which allows it to identify lung cancer at a very early stage. Based upon combined results from EIA and CT, clinicians could recommend a relatively conservative or a more aggressive intervention according to the test results.

In addition, an easy-to-use risk stratification method for use after CT screening is needed to avoid repeated radiation exposure in low-risk populations. As EIA had a good sensitivity (84%) and a better specificity (74%) than CT, it could be sufficiently accurate for use as a risk stratification tool. The positive (78%) and negative (81%) predictive values suggest that EIA could be used as a valid “rule out” test while effectively capturing early cancers. Unlike CT screening, EIA provides a direct and immediate conclusion after the test without requiring further interpretation by experts. When an EIA test result suggests a high malignancy risk, physicians could then advise the patients to undergo the necessary CT examinations or more invasive biopsies. EIA could also be beneficial for large-scale lung cancer risk stratification initiatives, especially in less developed geographical areas with limited access to medical professionals and advanced healthcare facilities, for people who are prone to psychological distress due to suspected illness, and for patients who cannot afford an annual physical examination.

We evaluated multiple variables that might affect the diagnostic efficacy of EIA. Since many participants had multiple pulmonary lesions, we only focused on lesions suspected to be malignant while regarding other lesions as normal. The sensitivity, specificity, and diagnostic yield were not affected by the patients’ age, sex, or body mass index. This confirms that EIA can be generally used in a wide range of cases, especially when there is suspicion of lung cancer, as it was more sensitive for malignant lesions (84%) than benign lesions (74%; p = 0.01). For lesions <10 mm, 10–30 mm, and 30–50 mm, the sensitivity was not significantly different (85%, 82%, and 90%, respectively; p = 0.43). The specificity, however decreased significantly for lesions of these sizes (82%, 61%, and 50%, respectively; p = 0.004). With the high sensitivity and specificity in nodules smaller than 10 mm, EIA may be more effective in the risk stratification of small pulmonary lesions. At the same time, certain clinical considerations may be necessary for excluding false-positive cases when identifying large pulmonary lesions. Because of the low reported specificity of CT, patients with sub-centimeter nodules, which have lower cancer risk than larger lesions, may be required to undergo successive annual CT follow-ups. Using EIA risk stratification, patients with small nodules could obtain a cancer risk assessment immediately after CT detection to help decide the optimal frequency of subsequent CT follow-ups. In addition, EIA could be used as an adjunctive follow-up test so that patients only need to receive CT detection when EIA indicates an increased risk. The distinct yet complementary diagnostic capabilities of EIA compared to CT make it a powerful tool to supplement, rather than challenge, the comprehensive analysis provided by CT imaging.

The sensitivity of EIA for lesions in the right middle lobe (56%) was lower than bilateral upper lobes (90%) and bilateral lower lobes (82%; p = 0.002), which may be because there were very few subjects with malignant lesions located in the right middle lobe (18/418). A single false negative would result in a 6% drop in sensitivity. EIA could be utilized for various lesion types, including solid lesions, pure GGOs, mixed GGOs, and patchy shadows that are suspected to be malignant. Of note, most patients with pure GGOs require a long period of clinical follow-up. However, EIA offers a risk stratification with a single test, making it easier for physicians to decide whether the pure GGOs should undergo invasive intervention.

There were some limitations in this study. First, The EIA suggests an overall but not the individual pathological status of a particular lesion. For patients with multiple pulmonary lesions, it cannot indicate which one needs further intervention. Second, the study enrolled patients with single and multiple pulmonary lesions, making it challenging to eliminate confounding factors caused by lesions other than the target lesions when analyzing the factors that affected diagnostic efficacy. Third, other variables such as lesion depth and tumor stage of the patients should be evaluated to see whether they affect the diagnostic effectiveness in order to learn more about the scope of EIA application. Finally, follow-up was limited to two years, which resulted in the inability to receive conclusive diagnoses for some pure GGOs. However, a two-year follow-up is sufficient to prove whether the lesion is stable and has a low risk of progression in the short term. Additionally, providing a conclusive pathological diagnosis for begin lesions arose since they were diagnosed by clinical follow-up.

In conclusion, Electrical Impedance Analysis (EIA) is a sufficiently accurate diagnostic tool that effectively detects the overall pathological conditions of pulmonary lesions. As a non-invasive test, it is very safe and easy to use. It can be adjunctively incorporated with CT screening to both avoid overdiagnosis and missed diagnosis.
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Background

The main aim of the study was to determine the risk factors of lung adenocarcinoma and to analyze the variations in the incidence of lung adenocarcinoma according to time, sex, and smoking status in North China.



Methods

Patients with lung cancer in local household registries diagnosed and treated for the first time in the investigating hospital were enrolled from 11 cities in North China between 2010 and 2017. Baseline characteristics and tumor-related information were extracted from the patients’ hospital medical record, clinical course records, and clinical examination. Some of the variables, such as smoking, alcohol consumption, medical history, and family history of cancer, were obtained from interviews with the enrolled patients. The statistical method used were the chi-square test and multi-factor logistic regression analysis. The time trend was statistically analyzed using Joinpoint regression models, and p values were calculated.



Results

A total of 23,674 lung cancer cases were enrolled. People in severely polluted cities were at higher risk for lung adenocarcinoma (p < 0.001). Most patients with lung adenocarcinoma had no history of lung-related diseases (p = 0.001). Anatomically, lung adenocarcinoma was more likely to occur in the right lung (p < 0.001). Non-manual labor workers were more likely to develop from lung adenocarcinoma than manual workers (p = 0.015). Notably, non-smokers were more likely to develop lung adenocarcinoma than smokers (p < 0.001). The proportion of lung adenocarcinoma increased significantly in Hebei Province (p < 0.001). Among non-smokers, the proportion of lung adenocarcinoma showed a higher rise than in smokers (p < 0.001).



Conclusions

Lung adenocarcinoma is the most common histological type of lung cancer in North China (Hebei Province), and the proportion of lung adenocarcinoma is increasing, especially among non-smokers. Lung adenocarcinoma is more common in women, severely polluted cities, individuals with no history of lung-related diseases, in the right lung, and in non-smokers. These can serve as a great guide in determining the accuracy of lung adenocarcinoma high-risk groups and lung cancer risk assessment models.
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Background

According to GLOBOCAN 2018, there were 2.09 million cases of lung cancer worldwide in 2018, accounting for 11.6% of all cancer incidences, and approximately 1.76 million lung cancer deaths, accounting for 18.4% of all cancer deaths, and lung cancer ranked first among all malignant tumor incidences and deaths. Moreover, there were 1.225 million new cases of lung cancer in Asia with 1.069 million lung cancer deaths, accounting for 58.5% of the incidence and 60.7% of the mortality of lung cancer worldwide (1). In China, lung cancer was the leading cancer in men and the second leading cancer in women with 550,000 and 278,000 new lung cancer cases, respectively. Lung cancer was the leading cancer in both men and women with 455,000 and 202,000 new lung cancer cases, respectively (2). Approximately 85% of lung cancers were non-small cell lung cancers, and 15% were small cell lung cancers. The following histological subtypes of non-small cell lung cancer were distinguished: adenocarcinoma, accounting for 38.5% of all lung cancers, and squamous cell carcinoma, accounting for 20% (3). A lung cancer study in the United States showed that the incidence of adenocarcinoma in men and women from 2004 to 2009 was 24.5/100,000 and 20.0/100,000, the incidence of squamous cell carcinoma was 18.8/100,000 and 8.5/100,000, and the incidence of small cell lung cancer was 9.8/100,000 and 7.9/100,000, respectively (4). Lung cancer was also the leading cause of cancer incidence and mortality in North China (Hebei Province) (5). Lung adenocarcinoma, the most common histological type of non-small cell lung cancer, has been on the rise in most countries over the past few decades (6), with a 5-year relative survival of only 12.8% (7). The increasing incidence of lung adenocarcinoma has been a subject of global interest. However, there is currently no report on the risk factors and epidemiological characteristics of lung adenocarcinoma in North China (Hebei Province). Therefore, this study aimed to determine the risk factors of lung adenocarcinoma and analyze the variations in the incidence of lung adenocarcinoma according to time, sex, and smoking status based on the distribution of lung adenocarcinoma in Hebei Province.



Methods


Study design and participants

Lung cancer clinical diagnosis and treatment information was collected from 133 hospitals in 11 cities of Hebei Province from 2010 to 2017: Shijiazhuang City, Baoding City, Tangshan City, Handan City, Xingtai City, Cangzhou City, Hengshui City, Langfang City, Qinhuangdao City, Chengde City, and Zhangjiakou City. Among the cities, Qinhuangdao City, Chengde City, and Zhangjiakou City were defined as the lightly polluted cities, while the other cities were severely polluted cities (8). Relevant variables were extracted from the patients’ hospital medical records, clinical course records, clinical examination, and clinical imaging studies. Baseline characteristics included the following: sex, age at diagnosis, marital status, occupation, height and weight at admission, blood type, smoking history, alcohol consumption, history of lung-related diseases, and family history of cancer. Tumor-related information was as follows: pathological type, diagnosis basis, grade, and sub-site of lung cancer patients. The inclusion criteria of study participants were as follows (1): admitted to hospital from 1 January 2010 to 31 December 2017; (2) new cases that were first diagnosed or treated in the investigating hospital and had not undergone surgery, radiotherapy, or chemotherapy in the previous hospital; and (3) cases of local household registration. The exclusion criterion included multiple primary or metastatic cancer cases.

Some of the variables, such as smoking, alcohol consumption, medical history, and family history of cancer, were obtained by interviewing the enrolled patients. Other variables were obtained by extracting information from the patients’ medical records.

The occupation classification in the questionnaire included non-manual labor and manual labor. Non-manual labor included persons in charge of party organs, mass organizations, social organizations, enterprises, and institutions; professional and technical personnel; and office and related personnel. Manual labor workers included social production service and life service personnel; agriculture, forestry, animal husbandry and fishery production, and auxiliary personnel; production and related personnel; soldiers; and other personnel who cannot be classified.

Lung cancer was mainly diagnosed by the following methods. Lung cancers were diagnosed by primary histology; that is, the pathological type of lung cancer was diagnosed by surgery or outpatient biopsy. Cytology and blood sample diagnosis referred to the diagnosis of lung cancer by sputum exfoliated cytology. Biochemical and immunological diagnosis referred to the diagnosis of lung cancer by biochemical, immunological, and tumor marker tests. Clinical diagnosis referred to the diagnosis of lung cancer by collecting medical history data through the patients’ clinical symptoms and signs and by asking patients about their subjective symptoms. Secondary histology referred to the examination and diagnosis of patients with discomfort caused by a secondary metastatic cancer and tracking their primary cancer as lung cancer. Related disease history included pulmonary tuberculosis, chronic bronchitis, emphysema, asthma, silicosis/pneumoconiosis, others, and unknown.

Patient’s height and weight were from the medical record system. Body mass index (BMI) was calculated with the formula of BMI = weight (kg) ÷ height (m2). BMI was categorized into <18.5 kg/m2 (underweight), 18.5–24.9 kg/m2 (normal weight), and 25–29.9 kg/m2 (overweight) (9).

When comparing lung adenocarcinoma with other pathological types, cases with unknown information on relevant variables were excluded from the study.



Data collection and quality control

An expert group including experts in various fields such as clinical medicine, epidemiology, health statistics, cancer registration, and specialized persons who had long been engaged in clinical data collection was established. An expert seminar was held to present the study design and conduct technical guidance and quality control, followed by the training meeting. Investigators were selected by the project site according to the workload, and all the project team underwent the same technical training. All investigators followed the standardized operating procedures strictly. Experts from the project team visited the project sites at least once a year, and the supervision included (1) supervision of the collection of lung cancer clinical diagnosis data, (2) data storage check, (3) checking whether the collected data met the inclusion and exclusion criteria, and (4) checking data completeness and extracting 5% of the newly collected data in the current year to verify the information by querying the original data again.



Statistical analysis

The statistical methods used were the chi-square test and multi-factor logistic regression analysis. According to well-known statistical methods, univariate analysis was performed for factor analysis. Through univariate analysis, a variable with statistical significance was screened out. Univariate analysis was performed on the variables collected in the questionnaire of this study, including sex, age, smoking status, alcohol intake, occupation, related disease history, family history of cancer, BMI, areas of residence, marriage, blood type, position, and morphology. After univariate analysis, we selected statistically significant variables for multivariate analysis, including sex, age, smoking status, areas, related disease history, occupation, and position. The time trend was statistically analyzed using Joinpoint regression models, and p-values were calculated. All statistical analysis and data quality control were performed using the Statistical Package for Social Science (SPSS) (version 20, SPSS Inc., Chicago, IL, USA), SAS software (Version 9.3), and the Joinpoint software (version 4.8.0.1; National Cancer Institute, Rockville, MD, US). p ≤ 0.05, established on two-sided probabilities, was considered statistically significant.




Results


Distribution of characteristics in patients with lung cancer in Hebei Province, 2010–2017

This study enrolled 23,674 patients diagnosed with lung cancer for the first time in 11 cities of Hebei Province. Among the lung cancer patients, the male-to-female ratio was 1.94:1. The average age of all lung cancer patients was 68.91 ± 11.21 years old, and the largest number of lung cancer cases was observed in the 65–69 age group.

Among all the lung cancer cases, regarding the smoking situation, the number of non-smokers was 10,913 (46.2%), current smokers was 7,533 (31.8%), former smokers (those who had quit smoking) was 2,732 (11.5%), and the number of patients with an unknown smoking status was 2,496 (10.5%). Moreover, 14,976 patients (63.3%) never drank, 5,881 patients (24.8%) drank frequently, and the drinking status of 2,817 (11.9%) patients was unknown. There were 2,850 non-manual labor (12.0%) and 9,724 (41.1%) manual workers. Among the lung cancer cases, 19,357 (81.8%) had no history of related diseases, 1,643 (6.9%) had a history of related diseases, and 2,674 had unknown information. Moreover, there were 18,378 (77.7%) patients without family history of cancer, 1,735 (7.3%) with family history of cancer, and 3,561 with unknown family history of cancer. Furthermore, 727 (3.1%) patients had a BMI index < 18.5 kg/m2, 6,444 (27.2%) had a BMI between 18.5 and 24.9 kg/m2, and 3,135 (13.2%) had a BMI ≥ 25 kg/m2. Among the lung cancer patients, 17.8% lived in areas with light air pollution, while 82.2% lived in areas with heavy air pollution. Regarding marital status, the married proportion was the highest at 82.7%, and the other proportions were all lower than 15%. Regarding blood type, blood type A accounted for 6.3%, blood type B accounted for 8.4%, blood type O accounted for 7.1%, and blood type AB accounted for 2.9%, and the proportion of unknown blood type was high (75.3%). Regarding the distribution of lung subsites, 1.2% occurred in both lungs, 38.9% occurred in the left lung, and 50.5% occurred in the right lung. There were 8,121 cases (34.3%) of adenocarcinoma, 3,443 cases (14.5%) of squamous cell carcinoma, 2,843 cases (12.1%) of small cell carcinoma, 956 cases (4.0%) of other cancer types, and 8,311 cases (35.1%) of unknown type with no pathology. Regarding the diagnosis, 13,785 lung cancer cases (58.2%) were diagnosed by primary histology, 892 cases (3.8%) were diagnosed by cytology and blood samples, 642 cases (2.7%) were diagnosed by biochemistry and immunology, and 1,822 cases (7.7%) were clinically diagnosed. Moreover, 215 cases (0.9%) were diagnosed by secondary histology, 5,198 cases (22.0%) were diagnosed by other special examinations (x-ray, ultrasound, CT, MRI, endoscope, etc.), and 1,120 cases (4.7%) had an unknown diagnosis (Table 1).


Table 1 | Distribution of clinical characteristics in patients with lung cancer in Hebei Province, 2010–2017.



Lung adenocarcinoma was compared with other pathological types after excluding variables with unknown information. Through univariate analysis, variables with t statistical significance were obtained. Variables such as sex, age, smoking status, alcohol intake situation, occupation, related disease history, family history of cancer, BMI, air pollution level in areas, and subsites were included in the multivariate logistic regression analysis model. The multivariate regression findings suggested that women were at higher risk for lung adenocarcinoma than men (p < 0.001). Individuals over 65 years old had a lower risk of developing lung adenocarcinoma than those younger than 65 years old (p < 0.001). Notably, non-smokers were more likely to develop lung adenocarcinoma than smokers (p < 0.001). Non-manual labor workers were more likely to develop lung adenocarcinoma than manual workers (p = 0.015). The risk of lung adenocarcinoma was higher for people without a history of lung-related diseases (p = 0.001). Compared with people living in lightly polluted cities, those living in severely polluted cities were at higher risk for lung adenocarcinoma (p < 0.001). Moreover, lung adenocarcinoma occurred more frequently in the right lung than in the whole lung (p < 0.001) (Table 2 and Figure 1).


Table 2 | Distribution of clinical characteristics in patients with lung adenocarcinoma (%) in Hebei Province, 2010–2017.






Figure 1 | Forest plot of lung adenocarcinoma risk factors analyzed using a multivariate logistic regression model. The squares and bars represent the odds ratio (OR) with a 95% confidence interval (CI).





Distribution changes of different histological types of lung cancer

The incidence trends of lung cancer in Hebei Province from 2010 to 2017 were analyzed by histological type. The proportion of lung adenocarcinoma (38.90%) in 2017 was 1.98 times higher than in 2010 (19.60%) (p < 0.001). However, the changes in the proportion of small cell carcinoma and squamous cell carcinoma were not statistically significant in both sexes (p = 0.100). For male patients, the proportions of lung adenocarcinoma and small cell carcinoma increased by 93.67% and 125.34%, respectively, in 2017 compared to 2010 (p < 0.001 and p < 0.001), whereas the proportion of lung squamous cell carcinoma decreased by 29.06% from 2010 to 2017 (p < 0.001) (Figure 2A). For female patients, between 2010 and 2017, the proportion of lung adenocarcinoma increased by 80.36% (p < 0.001), and the proportion of lung squamous cell carcinoma decreased by 28.41% (p < 0.001) (Figure 2B).




Figure 2 | The incidence distribution of the three main histological types of lung cancer (lung adenocarcinoma, squamous cell carcinoma, and small cell carcinoma). (A) The incidence distribution of the three main histological types of lung cancer in men. (B) The incidence distribution of three main histological types of lung cancer in women. (C) The incidence distribution of three main histological types of lung cancer in patients with never-smoking lung cancer. (D) The incidence distribution of three main histological types of lung cancer in patients with smoking lung cancer.



The histological types of lung cancer were analyzed by stratifying according to smoking status. The study suggested that there was a rise in the proportion of lung adenocarcinoma of 80.22% in never-smokers during 2010–2017 (p < 0.001). Moreover, the change in the proportion of small cell carcinoma was not statistically significant (p = 0.200), and there was a decline in the proportion of lung squamous cell carcinoma of 58.54% (p < 0.001) (Figure 2C). Among smokers, the proportion of lung adenocarcinoma similarly increased by 56.37% from 2010 to 2017 (p < 0.001), while the proportion of squamous cell carcinoma decreased by 17.75% (p < 0.001) (Figure 2D).




Discussion

Lung cancer is the leading cause of cancer morbidity and mortality, accounting for one-fifth of all cancer deaths worldwide (1). Over the past two decades, the incidence of lung adenocarcinoma has been on the rise worldwide, and lung adenocarcinoma has become the most common lung cancer subtype (10). Investigating the risk factors of lung adenocarcinoma and analyzing how the incidence of lung adenocarcinoma varies according to time, sex, and smoking status are particularly important. This study focused on the analysis of the risk factors and epidemiological trends of lung adenocarcinoma in North China (Hebei Province) to provide an important reference for the screening and precise prevention of lung adenocarcinoma in high-risk groups.

Overall, the proportion of adenocarcinoma, squamous cell carcinoma, and small cell lung carcinomas in Hebei Province was consistent with that in the United States, Korea, and Australia (11–13). The risk factors of lung adenocarcinoma, the most pathological type of lung cancer in Hebei Province, was analyzed. The multivariate regression analysis findings revealed that lung adenocarcinoma was more common in women, individuals younger than 65 years old, those living in severely polluted cities, non-smokers, those with no history of lung-related diseases, non-manual labor workers, and the right lung. Many lung cancer studies worldwide found that among lung cancer cases in Canada, Denmark, Germany, New Zealand, the Netherlands, the United States, (Lima) Peru, and Southern Sweden, adenocarcinoma was more common in women and in younger patients (14–16).

A study from nine European countries manifested that the risk of lung cancer increased by 18% with PM2.5 increasing every 5 mg/m3, which may be due to lung adenocarcinoma (HR: 1.55, 95% CI: 1.05–2.29) (17, 18). In Canada, researchers found that a 0.01 mg/m3 increase in PM2.5 was inversely related to lung cancer (HR: 1.34; 95% CI: 1.10–1.65), with the strongest associations with adenocarcinoma (HR: 1.44; 95% CI: 1.06–1.97) (19). One study in the US indicated that for every 0.01 mg/m3 increase in PM2.5 level, the hazard rate of lung adenocarcinoma (HR: 1.31, 95% CI: 0.87–1.97) also increased (20). Moreover, in one meta-analysis, lung adenocarcinoma was more strongly associated with PM2.5 and PM10 (RR per 10 μg/m3, 1.40 [95% CI: 1.07–1.83] and 1.29 [95% CI: 1.02–1.63]) compared with other pathological types (21). A study in Taiwan Province of China also concluded that changes in PM2.5 levels can affect the incidence of lung adenocarcinoma and patient survival (22). Air pollution and the PM2.5 concentration were severely high in Hebei Province (23–25). As in our study, they may increase the risk of lung adenocarcinoma.

Although ever smoking strongly correlated with increased risk for lung adenocarcinoma, lung adenocarcinoma was the most common subtype among never smokers (26, 27). In this study, the result found that non-smokers were more likely to develop lung adenocarcinoma than smokers. An earlier study in Singapore showed that approximately 70% of never-smoking lung cancer patients were diagnosed with adenocarcinoma (28). The World Trade Center Environmental Health Center conducted a study among people who were exposed and possibly inhaled dust and fumes from the destruction of the World Trade Center towers in 2001. The results showed that lung adenocarcinoma was more common in never-smokers compared to ever-smokers (72% vs. 65%) and more common in women compared to men (70% vs. 65%) (29). One study in China showed that though the proportion of lung adenocarcinoma increased in smokers and non-smokers, lung adenocarcinoma was more common in non-smokers (30). However, the result from a national health examination program in Korea was inconsistent with that of this study. The hazard ratios for lung adenocarcinoma were significantly higher in male current smoker than in never-smokers, while they were not different for female patients (31). Despite this, non-smoker lung cancer had been classified as an independent disease entity, which is different from smoker lung cancer. Gene sequencing technology has enabled us to truly understand the difference in lung adenocarcinoma between smokers and non-smokers at the microscopic molecular level. Most of the driver gene alterations were identified in lung adenocarcinoma in never-smokers. However, no such available molecular targets exist for smoker lung cancer (32, 33). This study found that non-smokers were more likely to develop lung adenocarcinoma, and because the mechanisms of lung adenocarcinoma in smokers and non-smokers were completely different, we should pay more attention to the screening of lung adenocarcinoma among non-smokers at high risk of lung cancer. It was of great significance to strengthen the screening of lung adenocarcinoma among non-smokers at high risk of lung cancer for related genes and to detect and diagnose lung adenocarcinoma early, improving the chances of surgery for patients and prolonging the survival time.

This study also found that most patients with lung adenocarcinoma had no history of lung-related diseases. Anatomically, lung adenocarcinoma was more likely to occur in the right lung. In addition, this study revealed that non-manual labor workers had a greater risk of lung adenocarcinoma compared with manual workers. These new findings will have a significant impact on the prevention of lung adenocarcinoma. We should strengthen the screening of lung adenocarcinoma for non-manual workers and people without a history of lung-related diseases to achieve early detection, early diagnosis, and early treatment. For designated lung adenocarcinoma high-risk groups, attention should be paid to the examination of the right lung. However, these findings may require more research to confirm.

Overall, the proportion of lung adenocarcinoma increased significantly in Hebei Province, but the proportion of lung squamous cell carcinoma decreased during 2010–2017. Among non-smokers, the proportion of lung adenocarcinoma showed a higher rise than in smokers. This implied that lung adenocarcinoma is still the main histological type of lung cancer.

This study showed that lung adenocarcinoma, one of the types of non−small cell lung carcinoma, was the most common form of lung cancer among non−smokers (34). In 10 years, lung cancer characteristics have changed: more women, more never-smokers, and more adenocarcinomas in France (35). In a study among Chinese women, the proportion of never-smokers with adenocarcinoma increased significantly compared with smokers (36). The prevention of lung adenocarcinoma has to be given more prominence, especially among non-smokers. The incidence of adenocarcinoma increased in the United States between 2006 and 2010, but there was a greater reduction in the rate of decline of squamous cell carcinoma than before (37). One study proved that the adenocarcinoma incidence trends were consistent with smoking trends; however, the relative risk with smoking for adenocarcinoma was lower than that for squamous cell carcinoma and small cell carcinoma (38). Our study showed that smoking had the greatest effect on squamous cell carcinomas, a lesser effect on lung adenocarcinomas (Supplementary Tables 1, 2), and no statistically significant effect on small cell carcinomas (Supplementary Table 3). In China, from 1990 to 2015, the age-standardized prevalence of daily smoking decreased significantly by 22.4% (95% UI: 20.7%–24.0%) and 48.4% (95% UI: 41.2%–55.1%) for men and women, respectively (39). Declining smoking rates in China may be one of the main reasons for this result.

In this study, we found that the incidence of lung adenocarcinoma was increasing, especially in non-smokers, revealing the changing trends in the pathological types of lung cancer. At present, few studies have reached this conclusion, which can have a great guiding effect on the selection of high-risk lung cancer groups for screening. In addition, we also found that lung adenocarcinoma was more common in severely polluted cities, non-smokers, individuals with no history of pulmonary diseases, non-manual labor workers, and the right lung. These conclusions have important implications. First, the conclusions have a key guiding significance for determining the accuracy of the lung cancer risk assessment model. In addition, because cancer screening programs do not currently cover the whole country, this can be more beneficial to high-risk populations through lung cancer screening, improve the detection rate, and reduce healthy individuals from receiving numerous unnecessary tests, especially those that can cause some pain and harm.

The present study also had some shortcomings. The study enrolled 23,674 lung cancer patients. For smoking status, the number of unknowns accounted for 10.5%. In the future, we need to pay attention to the integrity of variable information collection or choose an adequate method to supplement missing data; however, we currently only presented the results of real data. In this study, the main inclusion criterion for lung cancer patients was patients who were first diagnosed or treated in the hospital. Most patients with good economic conditions who were later found to have space occupancy by other means instead of a pathological diagnosis chose provincial or national specialized oncology hospitals to perform further examinations and make a pathological diagnosis. This led to the local hospital not being able to obtain the histological subtypes for the first diagnosis. Moreover, among the 35.1% of the total cases with unknown histological diagnosis, some of them may have had clear pathological types, but the local hospitals could not obtain them, which is also a limitation of this study.



Conclusion

Lung adenocarcinoma is one of the most common histological types of lung cancer in North China (Hebei Province), and the incidence of lung adenocarcinoma is increasing, especially in non-smokers. Lung adenocarcinoma is more common in women, individuals younger than 65 years old, those living in severely polluted cities, non-smokers, those with no history of lung-related diseases, non-manual labor workers, and the right lung. These can play a great guiding role in determining the accuracy of lung adenocarcinoma diagnosis in high-risk groups and lung cancer risk assessment models.
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Objective

To investigate whether radiomics can help radiologists and thoracic surgeons accurately predict invasive adenocarcinoma (IAC) manifesting as part-solid nodules (PSNs) with solid components <6 mm and provide a basis for rational clinical decision-making.



Materials and Methods

In total, 1,210 patients (mean age ± standard deviation: 54.28 ± 11.38 years, 374 men and 836 women) from our hospital and another hospital with 1,248 PSNs pathologically diagnosed with adenocarcinoma in situ (AIS), minimally invasive adenocarcinoma (MIA), or IAC were enrolled in this study. Among them, 1,050 cases from our hospital were randomly divided into a derivation set (n = 735) and an internal validation set (n = 315), 198 cases from another hospital were used for external validation. Each labeled nodule was segmented, and 105 radiomics features were extracted. Least absolute shrinkage and selection operator (LASSO) was used to calculate Rad-score and build the radiomics model. Multivariable logistic regression was conducted to identify the clinicoradiological predictors and establish the clinical-radiographic model. The combined model and predictive nomogram were developed based on identified clinicoradiological independent predictors and Rad-score using multivariable logistic regression analysis. The predictive performances of the three models were compared via receiver operating characteristic (ROC) curve analysis. Decision curve analysis (DCA) was performed on both the internal and external validation sets to evaluate the clinical utility of the nomogram.



Results

The radiomics model showed superior predictive performance than the clinical-radiographic model in both internal and external validation sets (Az values, 0.884 vs. 0.810, p = 0.001; 0.924 vs. 0.855, p < 0.001, respectively). The combined model showed comparable predictive performance to the radiomics model (Az values, 0.887 vs. 0.884, p = 0.398; 0.917 vs. 0.924, p = 0.271, respectively). The clinical application value of the nomogram developed based on the Rad-score, maximum diameter, and lesion shape was confirmed, and DCA demonstrated that application of the Rad-score would be beneficial for radiologists predicting invasive lesions.



Conclusions

Radiomics has the potential as an independent diagnostic tool to predict the invasiveness of PSNs with solid components <6 mm.
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Introduction

With the increasing use of low-dose computed tomography (LDCT) in the screening of high-risk populations for lung cancer, the detection rate of part-solid nodules (PSNs) has been increasing, especially in Asian women and non-smokers (1–4). Previous research has shown that persistent PSNs are highly correlated with early-stage lung adenocarcinoma, including invasive adenocarcinoma (IAC), minimally invasive adenocarcinoma (MIA), and adenocarcinoma in situ (AIS) (5–7).

Accurate differentiation between IAC and AIS/MIA appearing as PSNs is critical and can determine the patient’s treatment options. Unlike IAC, AIS/MIA can be resected by limited wedge resection or segmentectomy rather than lobectomy to maximize the preservation of functional pulmonary parenchyma. Moreover, lymph node exploration is not required for AIS/MIA (8, 9). For clinical management, as long as the lesions suspected of AIS/MIA remain stable, the strategy of conservative periodic follow-up with CT, with surgical resection in case of lesion growth, has been widely accepted by clinicians, ultimately avoiding unnecessary surgery for patients (4, 10, 11).

One of the key factors to predict the invasiveness of PSNs is the assessment of the size of the solid component within the nodules, which is highly correlated with the pathologically invasive foci of adenocarcinomas (12–14). For PSNs, a size criterion of solid component diameter ≥6 mm is widely accepted to discriminate IAC from AIS/MIA on CT, which is also the newly revised threshold standard for T-factor staging of adenocarcinoma. Most IACs commonly manifest as PSNs with solid components ≥6 mm and can be easily and accurately diagnosed by radiologists and thoracic surgeons (4, 15, 16). A statement from the Fleischner Society suggested that surgical resection should be considered if solid components were ≥6 mm in PSNs, while yearly surveillance CT is recommended for PSNs with solid components <6 mm (4, 17). However, due to the insufficient CT resolution, the ground-glass components of PSNs may contain invasive foci that cannot be recognized by the naked eyes; a large number of IAC cases also present as PSNs with solid component <6 mm or even non-solid nodules (NSNs), which were difficult to distinguish from AIS/MIA, and closer follow-up is needed for these lesions (18). Ahn et al. (19) indicated that the sizes of the solid component measured on CT images commonly underestimate the real size of invasive foci on pathology. Therefore, it is a great challenge for radiologists to predict the invasiveness of PSNs with a solid component <6 mm and NSNs because of their pathological diversity.

Many studies regarding the invasiveness prediction of PSNs have been reported with different methods, including radiographic feature evaluation and quantitative analysis (20–22). However, these studies have limitations: 1) there are no limits set on the size of solid components in PSNs. If too many PSNs with a solid component ≥6 mm (the pathological type is mostly IAC) are included in a study, the predictive performance may be exaggerated; 2) many evaluated radiographic features show an overlap between IAC and AIS/MIA; 3) previous studies used varied quantitative parameters and reported different results, making it unclear whether these studies can help radiologists improve the prediction performance.

Radiomics has been widely used to establish diagnosis and prediction models for tumor grading and staging, treatment outcome evaluation, and prognosis prediction by extracting and selecting predefined subtle image features (23, 24). Sun et al. (25) and Yuan et al. (26) have successfully used radiomics to predict the invasiveness of NSNs and PSNs, respectively. However, few studies have focused on the prediction of invasiveness of PSNs with a solid component <6 mm, whose diagnosis remains challenging for radiologists. Therefore, the purpose of our study was to investigate whether radiomics is able to help radiologists accurately predict IAC manifesting as PSNs with solid components <6 mm and provide a basis for rational clinical decision-making.



Materials and methods

The ethical committee of our hospital approved this retrospective study and waived the informed consent for the patients (approval number: 2021-SR-053).


Data source and patient selection

We searched the institution’s database and collected the clinical and imaging data of 3,326 patients who underwent surgery in our hospital and were pathologically diagnosed with AIS, MIA, or IAC from January 2015 to December 2020. The dataset of our hospital included 1,012 patients (mean age ± standard deviation, 54.16 ± 11.21 years, 316 men and 696 women) with 1,050 PSNs satisfying the following inclusion criteria: 1) the lesions manifested as PSNs on CT imaging, with the maximum diameter of the solid components <6 mm (excluding bronchi and vessels); 2) the maximum diameter of the PSNs was 5–30 mm; 3) non-enhanced CT scans were performed within 2 weeks prior to surgery; 4) lesions were completely removed, and the pathological diagnosis was unambiguous. In accordance with previous studies, the CT threshold of the solid components in PSNs was set to >-188 HU (27). Three-dimensional (3D) Slicer software (version 4.12; National Institutes of Health; https://www.slicer.org) can automatically identify solid components in PSNs. According to the automatic segment results of the solid components in PSNs in 3D Slicer software, authors #1 and #3 (with 10 and 7 years’ experience in chest CT imaging, respectively) separately measured the maximum diameter of the solid components from the axial, coronal, and sagittal images in Picture Archiving and Communication System (PACS) (Supplementary Figure S1). PSNs with solid components greater than 6 mm measured from any direction will be excluded from the study. Author #9, a radiologist with 16 years’ experience, reviewed the measurement results of authors #1 and #3 to reach a consensus.

Finally, the dataset from our hospital was randomly divided into a derivation set (735 cases: 67 AIS, 316 MIA, and 352 IAC) and an internal validation set (315 cases: 29 AIS, 135 MIA, and 151 IAC) at a ratio of 7:3.

Authors #1, #3, and #9 used the same methods andreviewed patients who underwent surgery in another hospital and were pathologically diagnosed with AIS, MIA, or IAC from January 2020 to December 2020. Finally, 198 cases (25 AIS, 79 MIA, and 94 IAC) were enrolled in our study as the external validation set. The workflow was illustrated in Figure 1.




Figure 1 | The workflow of our study.



None of the 597 IAC cases included in our study had lymph node metastases. Only 16 IAC cases were classified as pT2 stage because of the presence of pleural invasion and the rest were all classified as pT1 stage according to the eighth edition of the tumor, node, and metastasis (TNM) classification of lung cancer.



Diagnostic criteria

The resection specimens were fixed with formalin, embedded in paraffin, sectioned, and stained with hematoxylin and eosin. Author #6, a pathologist with 26 years’ work experience, reviewed the pathological classification of all specimens based on the 2011 classification criteria for lung adenocarcinoma proposed by International Association for the Study of Lung Cancer/American Thoracic Society/European Respiratory Society (IASLC/ATS/ERS).



CT examination methods

All patients underwent CT examination using one of the four CT scanners: SOMATOM Definition AS+, SOMATOM Sensation 16, and GE Discovery CT750 HD of our hospital and GE LightSpeed VCT of another hospital. The detailed scan and reconstruction parameters and the number of patients performed by each scanner were shown in Supplementary Table S1.



Establishing the clinical-radiographic model

The patient’s clinical information was collected from electronic medical records, including: 1) age, 2) sex, 3) smoking history, 4) carcinoembryonic antigen (CEA) level, 5) history of chronic obstructive pulmonary disease (COPD), 6) history of other cancers, and 7) family history of lung cancer. Authors #1 and #3, who did not know the patients’ pathological diagnosis, interpreted the CT images individually under lung window settings (width, 1,200 Hu; level, -600 Hu). The radiographic features of all lesions evaluated in this study include the following: 1) lesion location; 2) maximal axial diameter; 3) maximum axial diameter of the solid component; 4) consolidation-to-tumor ratio (CTR); 5) border (undefined or defined); 6) shape (round/oval or irregular); 7) vacuole sign (lesions with cystic cavities with the diameter <5 mm); 8) air bronchogram sign (dilated bronchioles observed in lesions); 9) microvascular sign (lesions with convergent, dilated, or tortuous supplying vessels); and 10) pleural indentation sign (pleura adjacent to lesions showed thickening or contraction). The CTR (%) was calculated as 100×(maximum axial diameter of the solid component/maximum axial diameter of the lesion) referring to previous studies (28, 29). Kappa values and intraclass correlation coefficients (ICCs) were calculated to assess the consistency of the two authors’ evaluations. To reach a consensus, author #9 rechecked the image interpretation results.



Nodule segmentation and radiomics feature extraction

CT images (DICOM format) were retrieved from the institution archive and loaded into a personal computer for further analysis. The volume of interest (VOI) was automatically segmented using a homemade software MultiLabel (version 1.1, Shanghai Key Laboratory of Magnetic Resonance, East China Normal University, China). Manual adjustment for the precise edge of the VOI was performed by author #1 if the border of the lesion was undefined or to ensure the large vessels and bronchioles were excluded from the VOI (Supplementary Figure S2). Author #9 reviewed the VOIs to ensure accurate segmentation. Then, the whole set of CT images with VOI segmentation information was converted to NII format for further radiomics analysis.

We normalized all images with the following formula: f(x)=1000∗(x−μx)/σx, where μx and σx denote the mean and standard deviation of the image intensity, respectively, before 3D radiomics features were extracted from the original image with PyRadiomics (Ver. 3.0) (30). We extracted 105 commonly used features in radiomics analysis, including 18 gray-level histogram features (e.g., mean, kurtosis, skewness), 14 shape features (e.g., compactness, sphericity), and 73 high-order texture features [gray-level co-occurrence matrix (GLCM), gray-level run-length matrix (GLRLM), gray-level size-zone matrix (GLSZM), and neighborhood gray-tone difference matrix (NGTDM)]. Most features defined by Pyradiomics follow feature definitions as described by the Imaging Biomarker Standardization Initiative (IBSI) (31).

In order to check the inter- and intra-observer reproducibility of the 105 radiomics features that we extracted, 60 cases (20 AIS, 20 MIA, and 20 IAC) were randomly chosen for analysis. Author #1 and author #3 repeated the nodule segmentation procedure for the selected 60 cases separately approximately 3 months later. The intra- and inter-observer agreement of the 105 extracted features were assessed by interclass correlation coefficients and ICCs. An ICC greater than 0.75 indicated good reproducibility of the feature extraction.



Feature selection and rad-score building

Firstly, all features were normalized with z-score (subtracted mean value and divided by standard deviation), then minimum-Redundancy Maximum Relevance (mRMR) was used to remove redundant features. The remaining 30 features were used to build the radiomics model with least absolute shrinkage and selection operator (LASSO), a classifier suitable for high-dimensional data regression. Parameter and thus the appropriate number of the most weighted predictive features was determined using a 10-fold cross-validation over the derivation set. To minimize the number of features in the final model, we chose the model with the least number of features and a binomial deviance within 1 standard deviation from the minimum binomial deviance.

After the model had been built, Rad-score, namely, the predictive probability of the radiomics model for each patient, was calculated via a linear combination of the selected most weighted features with their respective coefficients.



Statistical analyses

Univariable and multivariable logistic regression analyses were carried out on the clinical and radiographic features of the derivation set to determine the independent predictors for IAC and establish the clinical-radiographic model. The independent predictors and Rad-score were analyzed using multivariable logistic regression; thus, a combined model and an individual prediction nomogram were constructed. Receiver operating characteristic (ROC) curve analysis was used to evaluate the performance of the clinical-radiographic model, radiomics model, and combined model in the derivation, internal validation, and external validation sets. The optimal cutoff value was determined by Youden index in the ROC analysis. DeLong’s test was also used to compare the performance of the models. Model evaluation metrics such as positive predictive value (PPV), negative predictive value (NPV), F1-score, and Matthews correlation coefficient (MCC) were calculated to identify the best prediction model. Waterfall plot was used to show the prediction probability of all patients, and calibration curves were plotted to analyze the diagnostic performance of the nomogram in each dataset. Hosmer–Lemeshow test and decision curve analysis (DCA) were used to evaluate the goodness of fit and clinical value of the nomogram.

Statistical analysis was performed using IBM SPSS software (version 26.0; https://www.ibm.com) and R software (version 4.1.0; https://www.r-project.org). Specifically, we used rms package for calibration analysis, ResourceSelection package for Hosmer–Lemeshow test, rmda for DCA, mRMRe for feature selection, and glmnet for LASSO. p-values <0.05 were considered statistically significant.




Results


Predictive performance of the clinical-radiographic model

Supplementary Table S2 showed the inter-observer agreement for the radiographic sign evaluation and measurement of PSNs. The Kappa values for lesion measurement and radiographic features evaluation were medium to high.

It can be seen from Table 1 that there were no statistically significant differences between the derivation set and internal/external validation set in the comparison of clinical and radiographic features.


Table 1 | Comparison of clinical and radiographic characteristics between derivation and internal/external validation sets.



Table 2 and Figure 2 present the comparison on the clinical and radiographic features between AIS/MIA and IAC in the derivation, internal validation, and external validation sets. Univariable and multivariable logistic regression analyses in the derivation set revealed the maximum diameter [odds ratio (OR) 3.62, 95% confidence interval (CI) 2.26–5.80, p < 0.001], lesion shape (OR 1.89, 95% CI 1.26–2.81, p = 0.002), vacuole sign (OR 1.89, 95% CI 1.07–3.32, p = 0.028), microvascular sign (OR 1.91, 95% CI 1.31–2.79, p = 0.001), and maximum diameter of the solid component (OR 26.83, 95% CI 6.81–105.76, p < 0.001) were independent predictors for IAC.


Table 2 | Comparison on the clinical and radiographic characteristics between AIS-MIA and IAC in the derivation, internal validation, and external validation sets.






Figure 2 | For the PSNs included in our study, thin-section CT radiographic features were evaluated. The lesion shape is evaluated as (A) round/oval or (B) irregular. The lesion border is evaluated as (A, B) defined and (C) undefined. (D) Vacuole sign: MIA in the right upper lobe exhibits a bubble-like lucency within the nodule (white arrow). (E) Air bronchogram sign: MIA in the right lower lobe shows air-filled bronchi present inside the lesion (white arrowhead). (F) Pleural indentation: MIA in the left lower lobe shows pleural indentation adjacent to the oblique fissure (black arrow). (G, H) Microvascular sign: IAC in the right upper lobe shows a small adjacent pulmonary vessel entering the lesion (black dotted arrow). Reverse tracing shows that the blood vessel is a branch of the pulmonary artery. Coronal reconstruction better shows the dilation of the supplying vessel (black arrowhead).



The Az value of the clinical-radiographic model was 0.779 (95% CI 0.747–0.809) in the derivation set, 0.810 (95% CI 0.762–0.852) in the internal validation set, and 0.855 (95% CI 0.799–0.901) in the external validation set (Figure 3).




Figure 3 | The Az value of the three models in the derivation set, internal validation set, and external validation set. Radiomics showed superior predictive performance than clinical-radiographic models in all sets; however, the combined models showed comparable predictive performance to the radiomics models.





Feature selection and rad-score building

The inter-observer ICCs, calculated on the basis of author #1’s first-extracted 105 features and those of author #3 ranged from 0.80 to 0.99 (Supplementary Table S3). The intra-observer ICCs, calculated based on author #1’s twice feature extraction ranged from 0.84 to 0.99 (Supplementary Table S4). Therefore, the 105 features we extracted proved robust and achieved satisfactory inter- and intra-observer reproducibility.

A Rad-score was calculated for each patient based on seven features with non-zero coefficients selected from the 105 robust radiomics features using a LASSO logistic regression model (λ = 0.039727) (Figures 4A, B).




Figure 4 | Features selection using the LASSO regression model and the selection of the tuning parameter λ. (A) Change of binomial deviance with log(λ). The maximum log(λ) corresponding to the binomial deviance within 1 standard error from the minimum binomial deviance was chosen for the final model. (B) Change of the number of features with non-zero coefficients with log(λ), as determined in a 10-fold validation. (C) Coefficients of the seven features retained in the model.



Rad-score = 0.831176 * gldm_DependenceEntropy

+ 0.301168 * firstorder_RootMeanSquared

- 0.004266 * shape_SurfaceVolumeRatio

+ 0.336894 * shape_Maximum2DDiameterSlice

+ 0.155065 * firstorder_90Percentile

+ 0.107055 * glcm_JointEntropy

+ 0.039099 * shape_Maximum2DDiameterColumn - 0.101629

The bar chart of the coefficients of features used in the model is shown in Figure 4C.

The Az value of the radiomics model was 0.865 (95% CI 0.839–0.889) in the derivation set, 0.884 (95% CI 0.843–0.917) in the internal validation set, and 0.924 (95% CI 0.878–0.957) in the external validation set (Figure 3).



Prediction nomogram construction and validation

Multivariable logistic regression analysis identified the Rad-score (OR 2,232.55, 95% CI 650.95–7656.89, p < 0.001), maximum diameter (OR 0.40, 95% CI 0.21–0.75, p = 0.004), and lesion shape (OR 1.94, 95% CI 1.23–3.06, p = 0.004) as independent predictors for IAC. All of these parameters were used to develop a prediction nomogram. Representative examples of the nomogram to predict the invasiveness are given in Figures 5.




Figure 5 | (A) A 45-year-old woman with IAC in the right middle lobe shows a regular shape and with a diameter of 1.26 cm. The nomogram shows that this case had a total of 90 points after summing all points (69 + 21 + 0), which corresponds to a 79.6% probability of IAC. (B) A 26-year-old woman with MIA in the right upper lobe shows an irregular shape and with a diameter of 1.32 cm. The nomogram shows that this case had a total of 69 points after summing all points (41 + 20 + 8), which corresponds to a 44.3% probability of IAC. (C) A 36-year-old woman with AIS in the right upper lobe shows a regular shape and with a diameter of 1.34 cm. The nomogram shows that this case had a total of 59 points after summing all points (39 + 20 + 0), which corresponds to a 25.9% probability of IAC.



The Az value of the combined model was 0.872 (95% CI 0.846–0.895) in the derivation set, 0.887 (95% CI 0.847–0.920) in the internal validation set, and 0.917 (95% CI 0.869–0.951) in the external validation set (Figure 3). It can be seen from the detailed metrics listed in Table 3 that the radiomics models showed superior predictive performance than the clinical-radiographic models in all sets; however, the combined models showed comparable predictive performance to the radiomics models.


Table 3 | Effectiveness of the three models in discriminating AIS-MIA from IAC in the derivation, internal validation, and external validation sets.



The calibration curve of the radiomics nomogram smoothed with bootstrapping also indicated good agreement between predicted probability and actual occurrence in the derivation, internal validation, and external validation sets (Figure 6A). The Hosmer–Lemeshow test indicated no significant difference between the combined model’s predictions and the observed values in the derivation, internal validation, and external validation sets (p = 0.779, p = 0.580, p = 0.209, respectively), implying the model’s good generalization.




Figure 6 | (A) Calibration curves of the combined model indicated good agreement between the predicted probability and actual occurrence in the derivation, internal validation, and external validation sets. (B) Decision curve analysis on both the internal and external validation sets for the models with and without Rad-score. It can be seen that if the threshold probability of a patient is in the range of 0.10~0.85, using a model with the Rad-score to predict the invasive lesion would be more beneficial than using one without the Rad-score. (C) Waterfall plot of the combined model showing the predicted probabilities of internal and external validation sets. It can be seen clearly that the combined model can differentiate IAC from AIS/MIA well.



Figure 6B showed the decision curves of the developed models on both the internal and external validation sets. It would be more beneficial to use a model with Rad-score for identifying the invasive lesions than that without the Rad-score if the threshold probability of a patient was in the range of 10%~85%.

Waterfall plots of the combined model on both the internal and external validation sets were shown in Figure 6C. The cutoff value was set by maximizing the Youden index in the derivation set. From the waterfall plots, it can be seen clearly that the combined model can differentiate IAC from AIS/MIA well.




Discussion

Our research objective was to predict the invasiveness of lung adenocarcinoma manifesting as PSNs with solid components <6 mm. We confirmed that radiomics was superior to the clinical-radiographic model and showed comparable predictive performance to the combined model in differentiating IAC from AIS/MIA. It seems that radiomics can provide a simple and robust prediction method for accurate preoperative judgment of lesion invasiveness.

Our statistical analysis of the patients’ clinical data shows that the incidence of IAC increased with age, male gender, smoking history, and high CEA level, which is consistent with the results of previous studies (32). Although some studies have found that patients with COPD, history of other cancers, and family history of lung cancer were more susceptible to lung cancer (33, 34), our data show that these features have no statistical significance in predicting the invasiveness of PSNs.

Maximum diameter, lesion shape, vacuole sign, and microvascular sign were considered independent predictors for IAC in our study. The size of PSNs is significantly related to the risk of malignancy and is the leading factor in the management of PSNs. In our study, the average maximum diameter of IAC was significantly larger than that of AIS/MIA (1.42 cm vs. 1.09 cm, p < 0.001), and the predicted cutoff value for IAC was 1.18 cm. Li et al. (35) and Zhou et al. (36) confirmed that the maximum diameter is an independent predictor of the invasiveness of PSNs, and the predicted cutoff values for IAC in their studies were 1.65 and 1.96 cm, respectively, which were significantly higher than ours. This difference could be due to the fact that other studies included PSNs with solid components ≥6 mm, which may be more aggressive and have larger diameters. As the invasiveness of PSNs increased, their morphology became irregular and the probability of vacuole formation increased due to the proliferation of fibroblasts, tumor cell infiltration in the lung interstitium, and heterogeneity of growth speed inside the tumor (37). Vascular remodeling and sustained angiogenesis play an important role in the early development and progression of tumors (38). When tumor cells infiltrate the pulmonary interstitium, they will create traction on the surrounding blood vessels, causing them to stiffen, twist, and aggregate. Many previous studies have confirmed that irregular shape, vacuole sign, and microvascular sign are more frequently seen in IAC manifesting as PSNs, but no studies considered any of these features as independent predictors (32, 35, 36). The main reason may be that their predictive model was based on the comprehensive analysis of both radiographic features and quantitative parameters instead of only analyzing radiographic features as we did in our study. Zhao et al. (39) found that the mean CT value showed superior predictive performance compared with irregular shape and microvascular sign and was considered to be an independent predictor for IAC. In addition, the different findings could also be due to the exclusion of PSNs with solid components ≥6 mm from our study and the difference in sample size. At present, there are a few studies on PSNs with solid components <6 mm; hence, more studies are needed to determine which radiographic features can be used as the best predictors for invasiveness, and our research results need further verification.

Previous studies have confirmed that measuring the maximum size of solid components or comparing the CTR is more accurate than measuring the maximum diameter of lesions in predicting the invasiveness of PSNs (12, 40). Our study also confirmed that the maximum size of solid components was an independent predictor for IAC. The CTR calculated in our study showed no significant statistical difference between IAC and AIS/MIA. It may be because our study excluded PSNs with solid components ≥6 mm while maintaining the same size enrollment criteria of the lesions (5–30 mm) with previous studies. Although we can clearly identify solid components smaller than 6 mm in PSNs with the aid of automatic segmentation software, errors still exist to a certain extent in the measurement of solid components. No studies focused on the solid component analysis in PSNs with solid components <6 mm before; our research results also need further verification.

In addition to the analysis of radiographic features, there have been many studies using quantitative parameters to predict the invasiveness of PSNs. Lower kurtosis and bigger mass were confirmed as significant differentiators of IAC from AIS/MIA by Chae et al. (41). Ko et al. (27) demonstrated that the total volume and percentage solid volume measurements of PSNs helped differentiate between IAC and AIS/MIA with an accuracy of 73.2%. Therefore, although previous studies are numerous, their results vary due to differences in sample size, quantitative parameters, and analysis methods. For this reason, it is still unclear which parameters contribute the most to the prediction of invasiveness of PSNs. The classification of PSNs can still be challenging for radiologists. However, there were few pieces of research that focused on PSNs with solid component <6 mm. Qi et al. (42) illustrated that the mass of PSNs with solid component <6 mm, with the best cutoff value of 283.2 mg, was the only independent predictor for IAC, and the Az value was 0.859; sensitivity was 68.7% and specificity was 92.9%, which were lower than those achieved by the radiomics model in the external validation set of our study (Az value 0.924, sensitivity 83.5%, specificity 84.2%).

During the growth and evolution of PSNs, as the invasive components containing structural deformities of the stromal elastic fiber framework increase within a homogeneous lepidic or acinar background, the diameter and density of the lesion will increase, the shape will become irregular, and the pixel values will become inhomogeneous. In the seven selected most identifiable radiomics features in our study, gldm_DependenceEntropy and glcm_JointEntropy reflect the uniformity of texture and gray scale, higher Entropy value represents the inhomogeneous of pixels in the tumor and greater probability of IAC. Son et al. (43) reviewed 191 resected ground-glass opacity nodules with little or no solid component and identified entropy as an independent predictor for IAC, which is consistent with our results to some extent. Firstorder_RootMeanSquared and firstorder_90Percentile reflect the brightness and shape_Maximum2DdiameterSlice and shape_Maximum2DdiameterColumn reflect the maximum 2D diameter, which were all positively correlated with the significant density and diameter difference between IAC and AIS/MIA. As the invasiveness of PSNs increase, their shape will become irregular and with higher surface/volume ratio, so it is reasonable that shape_SurfaceVolumeRatio is retained in our radiomics model.

In our study, radiomics outperformed the clinical-radiographic model in predicting the invasiveness of PSNs with solid components <6 mm. In the research of Sun et al. (25), radiomics also showed superior predictive performance compared with the clinical-radiographic model in predicting the invasiveness of NSNs. However, compared with radiomics, our combined model did not demonstrate any significant improvement in predictive ability, which was different from the study of Sun et al. This difference can be explained by the fact that we can only extract finite subjective and semiquantitative information from CT images by the naked eyes, while radiomics can analyze conventional descriptive signs and transform image data into spatial data that can be mined in depth and quantitatively analyzed. Some radiographic features we analyzed are probably included in the features extracted by radiomics. Which surprised us was that both the radiomics and the combined model achieved better results in the external validation set than in the internal validation set in our study. We studied the distribution of contributing features in these datasets, and the distributions of the two most weighted features (gldm_DependenceEntropy, shape_Maximum2DDiameterSlice) were visualized with violin-box plot in Supplementary Figure S3. It can be seen that the differences between the distributions of these two features in the positive and negative samples are larger in the external validation set. Therefore, it is understandable that models using these features achieved better results over those of the external validation set.

Deep learning has also been used to predict the invasiveness of PSNs. Kim et al. (44) developed a deep learning model using 2.5D CT images and confirmed that it performed better than the size-based logistic model in distinguishing between IAC and AIS/MIA. However, a deep learning model based on 3D convolutional neural networks in the study by Park et al. (45) showed comparable classification performance with the radiologists’ measurements of solid component size in PSNs. The deep learning method learns features from data and avoids the burden of identifying the effective features manually in images without lesion segmentation. However, deep learning has its own limitations: a large number of cases are needed to train the established model and the interpretability is very limited, users cannot get an effective explanation of the classification results (46, 47). Nevertheless, after expanding the number of cases, we will try to apply the deep learning method to our studies.

Although yearly surveillance CT is recommended for PSNs with solid components <6 mm by Fleischner Society guidelines, the treatment of an individual should also be guided by the probability that the nodule is an IAC and patient preferences. Patients without risk factors (COPD history, family history of lung cancer, etc.) and lower predicted IAC possibility can be followed up routinely and avoid unnecessary surgery. But closer follow-up should be recommended for patients with risk factors and higher predicted IAC possibility. In our study, 16 IAC cases with solid components <6 mm were classified as pT2 stage because of the presence of pleural invasion. So, the accurate IAC prediction in PSNs with solid components <6 mm has important clinical value in the individualized clinical management (routine or closer follow-up, even resection for patients desire surgery) and selection of surgical methods. Our research may provide an individualized clinical management supplement to Fleischner Society guidelines to improve the diagnostic accuracy of radiologists and avoid unnecessary surgery for some patients or provide a clinical basis for some necessary surgeries.

Our study has several limitations. First, all VOIs of the lesion were automatically segmented using software, but as to the lesions with an unclear tumor–lung interface, the segment will be inaccurate and affects the result of data analysis. Manual segmentation is necessary at this time, but the process is tedious and vulnerable to readers’ subjectivity. Second, the clinical-radiographic model in our study was established by the authors #1, #3, and #9 (with 10, 7, and 16 years’ experience in chest CT imaging, respectively); it cannot represent the best diagnostic performance of all radiologists. More radiologists should be enrolled and the “reader performance study” can be performed in our future study. Lastly, numerous radiomics investigations have been published, but the robustness and generalizability of radiomics models still remain questionable and need to be verified by clinical practice. Although we have confirmed that the radiomics features we extracted achieved satisfactory inter- and intra-observer reproducibility and an external validation set from another hospital was also introduced in our study, multicenter research is still necessary in the future study.



Conclusions

Radiomics has been proven to achieve outstanding classification performance in classifying PSNs with solid components <6 mm. It has the potential as an independent diagnostic tool to improve the classification ability of radiologists or thoracic surgeons and save their time and effort without compromising diagnostic accuracy.
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Objective

Inflammatory myofibroblastic tumor (IMT) is a rare disease. We reviewed data from eight patients diagnosed with pulmonary IMT (PIMT) at our hospital with the aim of summarizing and analyzing the characteristics of PIMT to improve our understanding of the disease.



Methods

From January 2012 to December 2019, eight patients underwent surgical intervention for PIMT at The First Affiliated Hospital of Bengbu Medical College. Resected tumors were subjected to pathological and immunohistochemical analyses. The follow-up duration for all patients ranged from 2 years and 3 months to 9 years and 9 months (median: 6 years and 9 months).



Results

The male:female ratio was 5:3, and the mean age was 48.50 years (21–74 years). Two patients (25%) with lung disease discovered via chest computed tomography during physical examinations had not experienced any symptoms. Six patients (75%) presented at the hospital because of cough, expectoration, blood in sputum, and chest tightness. Lesions from all eight patients were surgically removed, and PIMT was confirmed based on pathological examinations and immunohistochemical results. No patient received additional treatment after discharge. All cases have been followed up to the time of writing, without any tumor recurrence or distant metastasis.



Conclusion

The age of onset of PIMT is usually over 40 years, and its clinical symptoms are easily confused with those of lung cancer. PIMT can only be diagnosed by histopathology and immunohistochemistry. Complete surgical resection is the preferred treatment, as patients undergoing surgery require no additional treatment, such as chemotherapy, and the survival rate is good.
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Introduction

Inflammatory myofibroblastic tumor (IMT) is a rare disease. In 2020, the World Health Organization (WHO) identified IMT as a borderline tumor with potentially recurrent and rare metastatic properties (1). The most common site of IMT is the lung, although it can also occur in the abdomen, pelvis, head and neck, upper respiratory tract, limbs, lumbar tube, uterus, and other sites (2–6). To date, the etiology of IMT remains inconclusive, although recent studies have shown that IMT is associated with anaplastic lymphoma kinase (ALK) gene rearrangements, as well as overexpression of ALK protein, and the disease also involves fusion of genes such as ROS1, NTRK3, and RET (7–10). Furthermore, a fraction of IMT cases are associated with chromosomal abnormalities (11). The diagnosis of pulmonary IMT (PIMT) is rare and such cases account for only 0.04–0.7% of all lung masses (2, 12–14). Globally, there are very few studies related to PIMT. Therefore, to analyze and improve the understanding of the pathological characteristics, treatment modalities, and prognosis of PIMT, we aimed to review the data collected from a group of patients diagnosed with PIMT at our hospital and to review the literature related to such cases published in recent years.



Material and methods


Subjects

We reviewed the data of eight patients diagnosed with PIMT by histopathology and immunohistochemistry at The First Affiliated Hospital of Bengbu Medical College between January 2012 and December 2019, including information on clinical symptoms, treatment modalities, pathological features, and prognosis. Examinations conducted prior to surgery included laboratory examinations and computed tomography (CT) scans.In addition, to determine whether there is distant metastases of the tumor, we also performed cranial magnetic resonance imaging (MRI), bone emission computed tomography (ECT), and abdominal ultrasound on patients. None of these examination findings were abnormal.



Histology and immunohistochemistry

After surgery, tumor specimens from each case were fixed with 10% neutral formaldehyde solution, extracted, paraffin-embedded, cut into 4-μm continuous sections, stained with hematoxylin and eosin (HE), and subjected to immunohistochemistry (EnVision; Agilent Technologies, Santa Clara, CA). The follow-up time ranged from 2 years and 3 months to 9 years and 9 months.



Ethical approval

This study was conducted with approval from the Ethics Committee of The First Affiliated Hospital of Bengbu Medical College. Written informed consent was obtained from the participants.




Results

The clinical data of the eight patients included in the study are presented in Table 1. Among the eight patients, the male:female ratio was 5:3, and the mean age was 48.50 years (range: 21–74 years). Two patients (25%) with lung disease discovered by chest CT during a physical examination had experienced no symptoms. Six patients (75%) presented to the hospital because of cough, expectoration, blood in sputum, and chest tightness. Chest CT of the patients revealed a tumor diameter ranging from 2–4 cm (Figures 1 and 2). None of the patients had a long-term history of respiratory tract infections.


Table 1 | Clinical data and immunohistochemical labeling of the eight patients.






Figure 1 | Computed tomography of the chest showing a mass in the right upper lobe of the lung. The mass was approximately 4cm in diameter. Burrs were present on the edge of the mass. A portion of the mass was connected to the pleura. The mass had uneven enhancement after the enhancement scan.






Figure 2 | Mediastinal window of chest computed tomography. There was no abnormal mass in the mediastinum. The hilum on both sides is normal. There was no pleural effusion on both sides.



A lobectomy was performed on all patients, resulting in successful tumor removal. None of the patients received additional treatment after discharge. There has been no tumor recurrence or distant metastasis in any patient to date.

Among these patients, the largest tumor was 4 cm in diameter and the smallest was 2 cm in diameter, with an average of 2.95 cm. The tumors were mainly composed of spindle cells, with surrounding chronic inflammatory cell infiltration (Figure 3). In terms of immunohistochemical results, the following characteristics were observed: ALK labeling was positive in five cases (Figure 4), vimentin (VIM) labeling was positive in all eight cases (Figure 5), seven cases exhibited positive smooth muscle actin (SMA) labeling (Figure 6), one case demonstrated positive calponin labeling (Figure 7), and six cases showed positive Ki67 labeling (Figure 8). All eight patients were diagnosed with PIMT according to pathological features and immunohistochemistry results, and there was no lymph node metastasis.




Figure 3 | After staining of a pneumonia myofibroma, optical microscopy of the tumor reveals that it is composed of many spindle tumor cells, with some instances of plasma cell and lymphocyte infiltration into the stroma (magnification, ×200).






Figure 4 | Representative image of anaplastic lymphoma kinase (ALK) expression (magnification, ×200).






Figure 5 | Representative image of vimentin expression(magnification, ×200).






Figure 6 | Representative image of smooth muscle actin (SMA) expression (magnification, ×200).






Figure 7 | Representative image of calponin expression (magnification, ×200).






Figure 8 | Representative image of Ki67 expression (magnification, ×200).





Discussion

IMT can occur at any age, although it most commonly occurs in young people, and there is no significant sex bias (2, 15–17). However, the mean age of our patients was 48.5 years, which is quite different from that reported in the literature. We believe this may be because the literature reports the mean age of patients with IMT at all body sites, whereas the present study only evaluated the characteristics of patients with PIMT specifically. In addition, in this study, there was no sex bias, which is consistent with previous reports.

The presence of cough, hemoptysis, and other symptoms reported by patients in this study support the view that the clinical manifestations of PIMT can be easily confused with lung cancer and tuberculosis (7). In X-ray and CT examinations, most cases of PIMT manifest as individual masses in the lung. The density inside the mass is basically uniform, and its boundaries tend to be clear, although lobulation and burr signs are occasionally seen (18), which is consistent with the CT characteristics of the patients in this study. Therefore, CT cannot distinguish PIMT from lung cancer. Although PIMT has also been reported in studies involving positron emission tomography (PET)/CT, spectral CT, magnetic resonance imaging (MRI), and other imaging methods (19, 20), imaging modalities alone cannot diagnose PIMT. Some scholars have reported that IMT has been misdiagnosed as lymphoma by PET/CT (21).

Pathology and immunohistochemistry are the most accurate methods for diagnosing IMT (20). Under the microscope, IMT is characterized by a series of myofibroblast proliferations and different types of inflammatory cell infiltration (14), which is consistent with the findings of this study. Most IMT immunohistochemistry has shown that spindle tumor cells were positively labeled by VIM, SMA, and ALK antibodies; more specifically, VIM labeling is usually strongly positive and diffusely observed in the cytoplasm of spindle cells, SMA labeling is mostly focal or diffusely positive, and ALK protein is expressed in 50–60% of cells (8). These immunohistochemical characteristics were also observed in the eight patients in this study. Therefore, we believe that VIM, SMA, and ALK are the three most important markers for the diagnosis of IMT by immunohistochemistry.

Although there are many ways to treat PIMT, surgical resection remains the first choice (14, 22). Although intraoperative frozen sections were collected in all cases, whether the tumors were benign or malignant could not be completely determined. At the same time, considering the clinical characteristics, CT results, and deep locations of the tumors, lobectomy was performed for all patients. In seven cases, the result of rapid frozen-section pathology was indicative of inflammatory myofibroblastoma. Therefore, only lobectomy was performed. In one case, the result of rapid frozen-section pathology was indicative of IMT, but the possibility of a malignant tumor was not ruled out, so a lobectomy with lymph node dissection was performed. Casanova and colleagues (23) believe that the prognosis of patients with PIMT who undergo early surgery is usually ideal, and there is no need for adjuvant treatment such as chemotherapy. Our results are consistent with this assertion, and none of the patients received additional treatment after discharge. To date, there have been no recurrences or distant metastases.

We performed lymph node dissection in one patient and the result was negative. There is no definitive conclusion regarding whether lymph node dissection should be conducted in patients with PIMT. Some researchers have found the existence of cancer stem cells in PIMT tissues (24), and some studies have reported that the lymph nodes removed during surgery in patients with PIMT were positive (23). In addition, cervical lymph node metastasis has occurred 3.5 years post-operation (25). Moreover, the WHO points out that IMT is a borderline tumor with the potential for recurrence and rare metastasis. Based on the above aspects, we suggest that lymph node dissection should be performed if the pathological results of intraoperative frozen sectioning suggest PIMT. However, the current sample size is small, and there is still a lack of research in this field. More studies must be conducted in the future to verify the necessity of lymph node dissection in these patients.

The prognosis of patients with PIMT is good (22, 23), with a 5-year survival rate of 91.3% and a 10-year survival rate of 77% (2). Studies have found that all metastatic IMTs are ALK-negative, and ALK positivity may be a good prognostic indicator of IMT (26). However, the latest research by Casanova and colleagues (23) shows that even patients who cannot undergo surgery and those who are ALK-negative have a good prognosis. Regardless of whether ALK labeling was positive or not, the eight patients whose data we reviewed experienced no recurrence or metastasis after surgery, which was consistent with the results of Casanova et al. (23). Some patients with IMT who have tumor tissue removed still experience relapse and distant metastasis (25–27). In one study, researchers followed up 23 patients after PIMT excision for 2–127 months; in those cases, recurrence only occurred twice after operation, and there was no recurrence after reoperation (28). If only local recurrence occurs and the patient’s physical condition is good, reoperation is still recommended (7). Systemic therapy is reserved for patients with unresectable, progressive or metastatic disease and whose body is unable to withstand lobectomy. There is controversy regarding the treatment of PIMT with steroids. On the one hand, as early as 1991, the treatment of PIMT with steroids was reported (29), and on the other hand there are reports that steroids may have an enhancing effect on IMT cell proliferation (30). In addition, there are also some reports on non-steroidal anti-inflammatory drugs(NSAID) treatment for PIMT that are ALK-negative (31). Chemotherapy is a valid option for advanced IMT (23). One study has confirmed that Anthracycline-based and methotrexate plus/minus vinorelbine/vinblastine (MTX-V) regimens are very effective in IMT (17). Studies have reported the cases of using radiotherapy for recurrence of surgical resection (25), but currently there is no sufficient evidence to prove the efficacy of radiotherapy. There are reports that gene-targeted drugs are used to treat IMT (32–40). The US National Comprehensive Cancer Network recommends the use of crizotinib as the standard of care for IMT with ALK-positive (36). Ceritinib, a second-generation ALK inhibitor, has also been shown to be effective in IMT (41).



Conclusion

PIMT is a rare tumor type. Due to the lack of specificity in clinical and imaging manifestations, the diagnosis of PIMT can only be made based on pathology and immunohistochemistry results. Complete surgical resection is the preferred treatment in such cases and usually results in satisfactory outcomes. Because local recurrence and metastasis is possible in some cases of IMT, we recommend close, long-term follow-up. Because the disease is rare and the sample size of this study is small, the views described in this paper need to be supported by more research, such as multicenter and large-sample studies to provide more concrete clinical recommendations.
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Background

Chronic obstructive pulmonary disease (COPD) coexisting with lung cancer is associated with severe mortality and a worse prognosis. Inflammation plays an important role in common pathogenic pathways and disease progression. However, a few studies have identified the clinical value of the neutrophil-to-lymphocyte ratio (NLR) and platelet-to-lymphocyte ratio (PLR) in COPD with lung cancer, which are systemic inflammatory response markers in the blood. This study aimed to determine the association of the NLR or PLR with clinical characteristics and whether NLR or PLR can be diagnostic markers for COPD with lung cancer.



Methods

Between 2015 and 2021, we conducted a retrospective analysis of 236 COPD patients with lung cancer and 500 patients without lung cancer (control group). Clinical information, blood routine examination, and spirometry results were collected and analyzed. The receiver operating characteristic (ROC) curve was used to identify the best cutoff point of NLR or PLR. Multivariate logistic regression analysis was performed to evaluate the association of NLR or PLR with the diagnosis and prognosis of COPD with lung cancer.



Results

Compared to patients in the COPD-only group, patients in the lung cancer group had a higher percentage of current smoking and emphysema, and it was found that NLR or PLR was significantly higher in the lung cancer group. Multivariate analysis showed that age, smoking status, FEV1%pred, emphysema, NLR, and PLR were independent risk factors for lung cancer development in COPD. Furthermore, the high level of NLR or PLR was associated with age over 70 years old, current smoking status, and ineligible surgery treatment. The level of PLR or NLR markedly increased with hypercoagulation status, the severity of airflow limitation, and advanced progression of lung cancer. Additionally, the ROC analysis also revealed that elevated NLR or PLR was an independent predictor of COPD in lung cancer patients, TNM stages IIIB–IV at first diagnosis in lung cancer, and ineligible surgery in lung cancer patients.



Conclusion

Increased NLR or PLR values might be an important and easily measurable inflammation biomarker to predict the diagnosis and severity of lung cancer with COPD.
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Introduction

Chronic obstructive pulmonary disease (COPD) and lung cancer comprise the major causes of lung disease-related deaths worldwide (1). It was estimated that the total number of newly diagnosed cases of lung cancer in China in 2015 was about 787,000 (2). Furthermore, COPD is one of the leading causes of morbidity and mortality worldwide (3). In 2016, COPD was the fifth leading cause of death in China (4). Overall, lung cancer and COPD present a major public health issue and an enormous burden on society in China (5–7). Several studies describe that there is an association between COPD and the development of lung cancer. An increase in the incidence and mortality of lung cancer was observed in patients with COPD (8). Machida and colleagues investigated the incidence of lung cancer in the stable COPD population which was 1.85% per year during a median follow-up period of 4.58 years (9). Moreover, the prevalence of COPD in lung cancer patients was 32.6%, and with the increased severity of COPD, the prognosis of lung cancer gradually worsened (10). Current research has indicated that lung cancer accounts for 12% to 14% of COPD-related deaths (11, 12). Additionally, never-smokers of non-small cell lung cancer (NSCLC) patients with COPD had shorter overall survival (OS) times, compared to non-COPD never-smoker NSCLC patients (13). It has been also found that even in patients with early-stage COPD, the prevalence of postoperative pulmonary complications (PPCs) was higher than in patients with NSCLC with normal spirometry (14). Therefore, patients with lung cancer and coexisting COPD may have a much worse prognosis than those with COPD only.

The common pathogenic pathways contributing to both diseases share underlying etiologies, such as tobacco, gene expressions, susceptibility to DNA damage, environmental factors, and inflammation (1, 15, 16). However, more details of the relationship between COPD and lung cancer remain uncertain. Some studies have demonstrated that chronic inflammation could be one of the underlying mechanisms, which has been associated with carcinogenesis in lung cancer, airway remodeling, and severe comorbidities in COPD (17–20). Although some studies have demonstrated that high levels of several inflammation markers were related to progression-free survival (PFS) and OS in lung cancer patients with and without COPD, there is still a lack of effective markers to evaluate COPD with lung cancer (21).

The neutrophil-to-lymphocyte ratio (NLR) and platelet-to-lymphocyte ratio (PLR) are the available markers of systemic inflammation and routine clinical laboratory tests (22–24). Recent studies have indicated that NLR and PLR were higher in acute exacerbation of COPD and used for predicting hospitalization (3, 25). Furthermore, they were related to short-term mortality in patients hospitalized with acute exacerbation of COPD (AECOPD) (26, 27). NLR and PLR values were also found to be higher in advanced lung cancer (28). It was reported that NLR has been associated with worse survival and recurrence (29). The combination of NLR and PLR has increased the diagnostic value and distinguished lung cancer patients from healthy subjects (30). However, few studies have reported whether NLR and PLR could better evaluate COPD with lung cancer. In the study, we aimed to identify the baseline clinical characteristics of COPD coexisting with lung cancer and investigate whether NLR or PLR can be diagnostic markers for COPD with lung cancer.



Materials and methods


Study population

We retrospectively reviewed the medical records of 1,264 patients diagnosed with COPD between January 2015 and August 2021 at the inpatient clinic of our respiratory department at The First Affiliated Hospital of Xiamen University, Fujian, People’s Republic of China. Patients who have incomplete medical records, with contraindications, or are unable to perform spirometry correctly and those who were diagnosed with asthma and interstitial lung disease were excluded. Finally, a total of 736 patients were eligible for this study. All participants underwent spirometry to measure pulmonary function, and their complete medical records were retrieved for analysis. Spirometry was done according to the American Thoracic Society recommendations with central quality assurance of spirometry tracings (19). Among the 1,264 patients, a total of 236 COPD patients with lung cancer were diagnosed through histological and/or cytological specimens.



Data collection

Basic clinical information on age, sex, smoking status, body mass index (BMI), lung cancer diagnosis, histologic type, routine blood, coagulation, and cancer stage was taken from the medical records for all patients. As a retrospective study, all data were anonymous. We declared that the patients’ data were confidential and did not compromise the patients’ interests. Data collection was completed by two independent authors. The ethics approval of the study was obtained from the Clinical Research Ethics Committee of the First Affiliated Hospital of Xiamen University (2021064).



Lung cancer group

Histologic lung cancer was categorized as small-cell lung cancer (SCLC) and non-SCLC (NSCLC) according to the 2015 WHO classification of lung tumors (31). NSCLC was then further categorized as adenocarcinoma, squamous cell carcinoma (SCC), or other, which consisted primarily of large-cell carcinoma and undifferentiated carcinoma of the lungs. Cancer was staged in accordance with the Union for International Cancer Control, Tumour, Node, Metastasis 7 (TNM7) classification and staging I–IV. All lung cancer patients with COPD were diagnosed through CT-guided lung tissue biopsy, thoracic surgery, or bronchoscopic biopsy.



Routine blood

Peripheral venous blood was collected from all patients into Vacutainer tubes in the morning on the first day of admission and processed immediately. The differential blood counts (white blood cell, neutrophil, lymphocyte) and platelet count were measured using the hematology analyzer Sysmex XN-9000 (XN, Sysmex, Kobe, Japan).



Assessment of COPD

Spirometry tests were performed by qualified technicians on a computerized spirometer MasterScreen, (Jaeger, Freistaat Bayern, Germany), following the criteria for the standardization of pulmonary function tests recommended by the American Thoracic Society/European Respiratory Society (ATS/ERS) Task Force (32). According to The Global Initiative for Chronic Obstructive Lung Disease (GOLD) (http://goldcopd.org) guidelines, forced vital capacity (FVC) and forced expiratory volume in 1 s (FEV1) were recorded in medical records in liters and percentage predicted values, as well as FEV1/FVC%. The post-bronchodilator fixed criteria FEV1/FVC <0.7 was applied to define COPD. The GOLD criteria were also used to assign a grade of clinical severity to COPD based on FEV1%pred and FEV1/FVC: patients with an FEV1/FVC <0.7 were classified as having COPD in all grades; GOLD 1 was defined as having an FEV1%pred >80; GOLD 2 as 50 ≤ FEV1%pred <80; GOLD 3 as 30% ≤ FEV1%pred <50%; and GOLD 4 as FEV1%pred <30% (33).



Statistical analysis

All patient data were presented in terms of frequencies and mean ± standard deviations as appropriate. Normally distributed continuous variables were evaluated using the unpaired Student’s t-test. Continuous variables with a skewed distribution were analyzed using the Mann–Whitney U test. Categorical variables were assessed using the chi-square test. Correlations were done using Pearson’s correlation, and “r” is the correlation coefficient. It ranged from −1 to +1. Receiver operating characteristic (ROC) curve analysis was used to evaluate the sensitivity and specificity of NLR and PLR for predicting the diagnosis of COPD with lung cancer. We performed a univariate analysis with age, BMI, smoking status, FEV1%pred, NLR, PLR, and emphysema. The variables with P <0.05 in the univariate analysis were entered into a multivariate logistic regression analysis. P-value <0.05 was assumed for statistical significance in all the tests. Data were analyzed with SPSS 26.0 (SPSS Inc., Chicago, IL, USA).




Results


General characteristics of the patients

A total of 736 patients were eligible for this study: 236 patients were diagnosed as having COPD with lung cancer, and 500 patients were categorized as COPD (Figure 1). Patients’ baseline characteristics included median age, gender, BMI, smoking history, pulmonary function, and inflammatory markers (Table 1). As shown in the table, there were no significant differences between BMI and gender. The median onset age was earlier in the COPD with lung cancer group than in the COPD group (66.44 ± 8.37 vs. 69.87 ± 9.37, P < 0.001). The proportion of current smoking was significantly higher in the COPD with lung cancer group [178 (75.4%)] than that in the COPD-only group [254 (50.8%)]. Moreover, the proportion of ever smoker was significantly lower in the COPD with lung cancer group [58 (24.6%)] compared with that in the COPD-only group [246 (49.2%)] (P < 0.001). In addition, there were significant differences in the degree of airflow obstruction in lung function. The values for FEV1/FVC and FEV1% predicted were all significantly higher in the COPD with lung cancer group than in the COPD group (0.59 ± 0.10 vs. 0.52 ± 0.11, P < 0.001; 66.46 ± 20.54 vs. 47.39 ± 21.01, P < 0.001, respectively).




Figure 1 | Flowchart of the population included in the study. Between 2015 and 2021, a total of 1,264 patients were retrospectively reviewed; 528 were excluded from the analysis due to missing medical records, asthma, and interstitial lung disease. The number of patients with COPD (FEV1/FVC < 70%) was 736, which were eligible for this study. Of the 736 patients included, 236 cases had COPD with lung cancer, and 500 controls had COPD only.




Table 1 | Baseline characteristics of the study population.



Next, to verify the predictive value of inflammatory markers in COPD with lung cancer, peripheral blood analyses of total white blood cell, neutrophil counts, lymphocyte, NLR, and PLR were measured. The results indicated that COPD with lung cancer patients had significantly higher levels of white blood cell and neutrophil counts (P < 0.001). Moreover, a statistical significance was found in NLR or PLR between COPD and COPD coexisting with lung cancer. The levels of NLR and PLR were significantly increased in the COPD with lung cancer group compared with those in the COPD group (3.51 ± 0.72 vs. 2.45 ± 0.81, 172.72 ± 24.96 vs. 142.64 ± 37.56, P < 0.001). Finally, the results showed a significant increase in the proportion of emphysema in the COPD with lung cancer group than in the COPD group.



Baseline characteristics of COPD patients with lung cancer

Of the total population, 236 cases were diagnosed with lung cancer. Histologic type analyses showed that adenocarcinoma was the most frequent histological subtype in the COPD with lung cancer group (51.3%), and 30.9% were diagnosed with squamous cell carcinoma, 3.4% with large cell lung cancer, and 13.1% with SCC (Table 2). Among the 236 patients, 132 (55.9%) had lung cancer located in the right lobe of the lungs. Moreover, the TNM stage of lung cancer in COPD patients tended to be advanced, with stages III–VI accounting for 63.6% (Supplementary Table 1).


Table 2 | Multivariate analysis of independent predictors of (A) lung cancer diagnosis in COPD patients, (B) TNM stages IIIB–IV at first diagnosis in the COPD with lung cancer patients, and (C) ineligible surgery at first diagnosis in the COPD with lung cancer patients.





The levels of NLR or PLR in COPD with lung cancer

In order to confirm whether NLR or PLR served as an independent inflammation biomarker for predicting the progression of lung cancer in COPD patients, the level of NLR or PLR was compared among these groups with different clinical features. The results showed that there were no significant differences in NLR or PLR values between gender and BMI (Supplementary Table 2). NLR or PLR levels could markedly increase with advanced age (P < 0.001). In addition, the level of NLR or PLR in current smoker was higher than in never/ever smoker (P < 0.05), and the NLR or PLR was significantly higher in GOLD stages 3–4 than 1–2 (P < 0.001). Moreover, lung cancer patients at TNM stages IIIB–IV had higher levels of NLR and PLR than those at stages I–IIIA (P < 0.001). Finally, the ineligible surgery group had higher levels of NLR and PLR than the eligible for surgery lung cancer patients (P < 0.001).



The correlation between NLR or PLR with clinical characteristics in COPD with lung cancer

To further evaluate the correlation between NLR or PLR and other clinical parameters, Pearson’s correlation coefficients were analyzed. It was indicated that a positive correlation was observed between NLR or PLR value and age, PT, FIB, and D-dimer (P < 0.05) (Supplementary Figure 1). Conversely, NLR or PLR value was negatively correlated with FEV1%pred (r = −0.299, P < 0.001; r = −0.300, P < 0.001, respectively). We also found a negative correlation between PLR and BMI (r = −0.146, P = 0.025). In addition, PLR was positively correlated with PLT and APTT (r = 0.167, P < 0.01; r = 0.148, P = 0.023, respectively).



Predictive role of NLR or PLR in COPD with lung cancer

ROC curve analysis was also performed for the NLR and PLR values to detect the diagnosis of lung cancer in COPD patients. The best NLR cutoff value was defined as 2.91, the sensitivity was 84.3%, and the specificity was 74.4%, with the best AUC of 0.84. The optimal PLR cutoff value was 156.53 and the AUC was 0.74, with 81.8% sensitivity and 62.8% specificity (Figure 2A). Moreover, the ROC curve analysis using NLR and PLR to predict TNM stages IIIB–IV at first diagnosis in the COPD with lung cancer patients indicated an optimal cutoff NLR of 3.53, AUC of 0.74, sensitivity of 60.9%, and specificity of 75.9%. The best cutoff of PLR was 172.10 and the AUC was 0.73, with 70.3% sensitivity and 70.4% specificity (Figure 2B). Finally, the predictive accuracy of NLR and PLR in ineligible surgery at first diagnosis in the COPD with lung cancer patients was also analyzed with the ROC curve, the best cutoff of NLR was 3.49, and the AUC was 0.68, with 55.6% sensitivity and 74.3% specificity. The ROC curve for PLR had an AUC of 0.69 with a cutoff value of 172.10, a sensitivity of 63.0%, and s specificity of 73.0% (Figure 2C).




Figure 2 | Receiver operating characteristic (ROC) curves of NLR and PLR predicting lung cancer diagnosis in COPD patients (A). ROC curves of NLR and PLR predicting TNM stages IIIB–IV at first diagnosis in the COPD with lung cancer patients (B). ROC curves of NLR and PLR predicting ineligible surgery at first diagnosis in the COPD with lung cancer patients (C).





Multivariate analyses of risk factors of COPD with lung cancer

To identify the risk factors related to lung cancer in patients with COPD, univariate and stepwise multivariate logistic regression analyses were performed. In the subgroup analysis, the results showed that age (≥70) (OR: 0.291; 95% CI: 0.179–0.474; P < 0.001), current smoker (OR: 1.868; 95% CI: 1.143–3.053; P = 0.013), FEV1%pred (OR: 1.049; 95% CI: 1.038–1.061; P < 0.001), NLR ≥2.91 (OR: 12.731; 95% CI: 7.493–21.631; P < 0.001), PLR ≥156.53 (OR: 4.389; 95% CI: 2.609–7.382; P < 0.001), and emphysema (OR: 2.815; 95% CI: 1.560–5.080; P = 0.001) were independent risk factors related to the COPD with lung cancer patients (Table 2A). Then, we evaluated the risk factors associated with TNM stages IIIB–IV at first diagnosis in the COPD with lung cancer patients. On multivariate analysis, current smoker (OR: 6.583; 95% CI: 2.941–14.736; P < 0.001), NLR ≥3.53 (OR: 3.788; 95% CI: 1.811–7.923; P < 0.001), and PLR ≥172.10 (OR: 4.775; 95% CI: 2.321–9.823; P < 0.001) were independent predictors of TNM stages IIIB–IV at first diagnosis in the COPD with lung cancer patients (Table 2B). Finally, we extended our analysis to identify the factors that contributed to ineligible surgery at first diagnosis in the COPD with lung cancer patients. BMI ≥25 (kg/m2) (OR: 0.219; 95% CI: 0.061–0.792; P = 0.021), current smoker (OR: 4.267; 95% CI: 2.051–8.875; P < 0.001), and PLR ≥172.10 (OR: 3.268; 95% CI: 1.531–6.976; P = 0.002) were the statistically significant risk factors for ineligible surgery treatment in the COPD with lung cancer patients (Table 2C).




Discussion

In the present study, we investigated the clinical features of COPD-associated lung cancer in a large cohort of COPD patients and identified the value of NLR or PLR that served as an independent predictive factor in COPD with lung cancer. The results indicated that age, smoking status, pulmonary function, serum inflammation biomarkers, and emphysema were associated with COPD coexisting with lung cancer. In terms of median age, the lung cancer group was younger than the COPD group. Airflow limitation assessed by FEV1%pred in COPD was more severe than in lung cancer. The possible reason is that low-dose spiral computed tomography (LDCT) screening was initiated in the year 2010 in China, based on the development of the National Lung Cancer Screening Program (NLST) (34). LDCT was considered as a prevalent screening tool for the early detection of lung cancer in high-risk asymptomatic individuals (35, 36). Another possible reason is that spirometry screening for airflow obstruction in asymptomatic smokers is still controversial (37). Many smokers never experienced lung function decline during the early stage (38). Therefore, based on CT, screening in smoking patients resulted in a higher detection rate of early-stage lung cancer, especially for mild-to-moderate COPD. It has been previously reported that smokers with COPD have a two- to fourfold higher risk of developing lung cancer compared with smokers without COPD (39, 40). It was elucidated that the prevalence of lung cancer was significantly higher in patients with COPD than in the average non-smoking population, reflecting the impact of cigarette smoking on both diseases (41). It has been well acknowledged that cigarette smoking exposure which caused lung barrier dysfunction and inflammation-associated COPD should be considered as an important risk factor for lung cancer (42). In our research, current smoking was an independent risk factor for lung cancer in the COPD group and related to TNM stages IIIB–IV and ineligible surgery treatment. Furthermore, there have been several studies showing that emphysema was an independent poor prognostic factor for tumor recurrence in completely resected NSCLC patients (43). Emphysema severity and centrilobular subtype were associated with a greater risk of lung cancer (44). It was considered that emphysema is an independent predictor of lung cancer diagnosis (45). Other researchers have shown that quantitative emphysema severity of the whole lung and stage III were independent predictors of lung cancer recurrence after adjusting for age, gender, smoking status, and FEV1 (46). Lung adenocarcinomas in the emphysema group have a more aggressive pathologic grade and a higher prevalence of solid lesions (47). Consistent with previous studies, our study showed that emphysema was also independently associated with lung cancer coexisting with COPD.

On the other hand, COPD is characterized as a chronic systemic inflammatory disease, which also has been found to be related to exacerbation (48). Several reports have shown that peripheral blood neutrophils and T lymphocytes were activated and there were increased levels of proinflammatory cytokines in the plasma (49–51). A recent study also demonstrated that increased baseline neutrophil counts were significantly associated with worse OS but not for lymphocyte counts in NSCLC (52). Wong et al. reported positive associations between white blood counts and lung cancer risk among never-smoking women (53). Furthermore, another study found that lymphocyte percentage exhibited a high correlation with the clinical characteristics and metastasis of lung cancer patients (54). In this study, we observed that circulating white blood counts and neutrophil counts were significantly higher in the lung cancer group than in the COPD-only group. It was likely that neutrophils were quickly recruited from the circulation during pulmonary inflammation (55). Thus, we have considered that persistent inflammation could mediate the progression of COPD with lung cancer. Several reports have shown that the levels of NLR or PLR significantly increased in the lung cancer and COPD groups, respectively (56, 57). However, few studies have reported the levels of NLR or PLR in lung cancer with COPD. Our data revealed that NLR and PLR levels were significantly higher in the COPD with lung cancer group than in the COPD group. Then, to further confirm the clinical relevance of inflammation biomarkers, we analyzed the correlation between NLR, PLR, and clinical data from lung cancer patients with COPD. Some studies showed that elevated PLR was associated with shorter OS and poor PFS in NSCLC (58, 59). Another study suggested that elevated PLR might be a predictive factor of poor prognosis for NSCLC patients (60). Yao et al. found that the levels of NLR and PLR were significantly higher among non-survivors compared to survivors of AECOPD, and NLR may be a simple and useful prognostic marker for hospital mortality in patients with AECOPD (61). Elevated NLR could be used as a marker similar to CRP, WBC, and ESR in the determination of increased inflammation in acutely exacerbated COPD and could be beneficial for the early detection of potential acute exacerbations in patients with COPD who have normal levels of traditional markers (62). In the present study, the levels of NLR and PLR had statistical significance among the multiple stratifications in clinical parameters, especially those with a high NLR or PLR were associated with age over 70 years old, current smoking status, and ineligible surgery treatment. The level of PLR or NLR markedly increased with the severity of airflow limitation accessed with GOLD stages 3–4 and advanced progression of lung cancer evaluated with TNM stages IIIB–IV. Additionally, NLR or PLR was positively associated with age, FIB, and D-dimer. We also found a negative association between NLR and FEV1%pred. PLR was negatively associated with BMI and FEV1%pred. The results revealed that PLR or NLR values were inversely associated with the severity of airflow limitation. Also, it was suggested that higher PLR or NLR was positively associated with hypercoagulation status. In our study, the applicable thresholds for NLR and PLR were observed using the ROC curve. Multivariate analysis revealed that NLR ≥2.91 and PLR ≥156.53 were independent risk factors for lung cancer development in COPD patients; the COPD with lung cancer patients with NLR ≥3.53 and PLR ≥172.10 are more likely to be diagnosed in TNM stages IIIB–IV at first diagnosis, while patients with PLR ≥172.10 had fewer surgical opportunities. We believe that NLR or PLR could be part of an important and easily measurable inflammation biomarker system to predict the diagnosis and severity of COPD with lung cancer.

However, this study also had several limitations. Because the pulmonary function tests cannot be properly performed on a number of elderly people in this study, this may lead to the possibility of selection bias in the COPD population. Another limitation is the lack of data on follow-up survival information. We did not evaluate the outcomes of the surgical treatment and did not perform a prognostic analysis due to the high rate of missing follow-up data. Longitudinal studies are needed to evaluate the long-term clinical prognosis of COPD with lung cancer. In addition, the study has a retrospective design, in which a number of patients with severe COPD were unable to undergo lung tissue pathologic diagnosis. Thus, it may have caused bias in the selection of the study group. Moreover, this study could not provide information about the use of inhaled corticosteroids, which is a potential influencing factor for the prevention of lung cancer (63, 64).
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Lung cancer is the leading cause of cancer-related deaths worldwide. Despite the recent advent of promising new targeted therapies, lung cancer diagnostic strategies still have difficulty in identifying the disease at an early stage. Therefore, the characterizations of more sensible and specific cancer biomarkers have become an important goal for clinicians. Circular RNAs are covalently close, endogenous RNAs without 5′ end caps or 3′poly (A) tails and have been characterized by high stability, abundance, and conservation as well as display cell/tissue/developmental stage-specific expressions. Numerous studies have confirmed that circRNAs act as microRNA (miRNA) sponges, RNA-binding protein, and transcriptional regulators; some circRNAs even act as translation templates that participate in multiple pathophysiological processes. Growing evidence have confirmed that circRNAs are involved in the pathogenesis of lung cancers through the regulation of proliferation and invasion, cell cycle, autophagy, apoptosis, stemness, tumor microenvironment, and chemotherapy resistance. Moreover, circRNAs have emerged as potential biomarkers for lung cancer diagnosis and prognosis and targets for developing new treatments. In this review, we will summarize recent progresses in identifying the biogenesis, biological functions, potential mechanisms, and clinical applications of these molecules for lung cancer diagnosis, prognosis, and targeted therapy.
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Introduction

According to the cancer statistics of 2020, lung cancer is the second most frequent human tumor and the leading cause of cancer-related deaths worldwide (1). Lung cancer includes small-cell lung carcinoma (SCLC) and non-small-cell lung carcinoma (NSCLC). NSCLC accounts for approximately 85% of all cases (2) and is mostly represented by lung adenocarcinoma (ADC), lung squamous cell carcinoma (SCC), and large-cell lung carcinoma.

Despite the recent rapid advances in diagnostic tumor biomarkers and therapeutic approaches such as surgery, chemotherapy, radiotherapy, targeted therapy, or immunotherapy, the 5-year overall survival for lung cancer still remains poor (3). Therefore, finding new biomarkers and therapeutic targets for this cancer is paramount.

The initiation and progression of lung cancer is an extremely complex process that involves genetic mutations, the role of the tumor microenvironment, and the dysregulation of epigenetic pathways (4–6). Epigenetic changes in lung cancer such as histone modifications (7), DNA methylation (8), and noncoding RNAs (ncRNAs) (9) have been extensively studied. Cellular ribonucleic acids (RNAs) can be divided into coding and non-coding RNAs; these latter kind include small interfering RNAs (siRNAs), small nuclear RNAs (snRNAs), small nucleolar RNAs (snoRNAs), PIWI-interacting RNAs (piRNAs), transfer RNAs (tRNAs), ribosomal RNAs (rRNAs), microRNAs (miRNAs), long non-coding RNAs (lncRNAs), and circular RNAs (circRNAs) (10–12).

Several evidence have revealed that numerous ncRNAs are dysregulated and involved in lung cancer initiation and progression (13–15). In particular, miRNAs and lncRNAs have been shown to be involved in lung cancer progression—for example, microRNA-485-5p suppresses growth and metastasis in non-small-cell lung cancer cells by targeting IGF2BP2 (16), whereas miRNA-124 suppresses cell proliferation in NSCLC by the down-regulation of SOX8 expression (17), and lncRNA H19 promotes lung cancer proliferation and metastasis by inhibiting the miR-200a function (18). lncRNA TUC338 promotes the invasion of lung cancer by activating the MAPK pathway (19). While the role of miRNAs and lncRNAs in cancer development is currently being progressively unraveled, the functions of circRNA in the initiation and progression of lung cancers need further investigation.

As a new type of ncRNAs with distinct properties and diverse functions, unlike lncRNA and miRNA, circRNA is an endogenous RNA molecule with covalently closed loop structures without termination at 5′ caps and 3′ poly(A) tails. The first circRNA was observed in viroid (20). Next, circRNAs were discovered in the cytoplasm of eukaryotic cells by electron microscopy (21) and were earlier mainly considered to be “junk RNAs” produced by aberrant splicing events (22), until it was hypothesized as a possible function of the testis-specific circRNA, expressed by Mus spretus Sry genes (23). Recently, with the development of high-throughput RNA sequencing and bioinformatics algorithms, thousands of circRNAs in eukaryotes have been identified, including plants, fungi, protists, fish, worms, and mammals (24–26). circRNAs are composed of exonic and/or intronic sequences and are primarily generated by back-splicing, a non-canonical alternative RNA splicing event mediated by the spliceosome and regulated by a combination of cis-elements and trans-factors (27, 28). According to biogenesis from a different mechanism, circRNA can be divided into three types: exonic circRNA (ecircRNNAs) (29), intronic RNAs (ciRNAs) (30), and exon–intron circRNAs (EIcircRNA) characterized by the co-presence of both exons and introns (30).

Despite the lack of polyadenylation [poly(A)] and capping, circRNAs generally localize to the cytoplasm (29), while the exon–intron circRNAs and ciRNAs generally localize in the nucleus and promote the transcription of their parental genes via interaction with the U1 small nuclear ribonucleoprotein (31). circRNAs are characterized by abundance (32), stability (33), translational capacity (34), and cell specificity/tissue specificity/developmental stage specificity (29, 35). Numerous studies have demonstrated that circRNAs play a critical role in gene expression (36), act as miRNA sponge (37), interact with RNA binding protein (38), and translate to small peptides (39). Moreover, circRNAs could play paramount roles in physiological processes, including aging (40), myogenesis (41), male reproductive function (42), adipogenesis (43), innate immune response (28), synaptic function (44), insulin secretion (45), and mitochondrial ROS (mROS) output (46). On the other hand, dysregulation circRNAs are also involved in various human diseases, including neurological disorders (47), cardiovascular diseases (32), chronic inflammatory diseases (48), diabetes mellitus (49), and especially human cancers (50, 51).

Liquid biopsy is a biopsy that uses body liquids as the sample source to diagnose, predict the outcome of, or monitor the development of human diseases (52), and because of their high stability, abundant expression, and high specificity, circRNAs detected with liquid biopsy could become promising biomarkers for human diseases (53). circRNAs are involved in the pathogenesis of lung cancer through the regulation of proliferation and invasion (54), cell cycle (55), stemness of lung cancer stem cell (56), chemotherapy resistance (57), and tumor microenvironment (58, 59). Therefore, we will summarize recent progresses in identifying the biological and prognostic role of circRNAs and their potential exploitation as actionable targets in lung cancer.



Biogenesis and properties of circRNAs


The classification and biogenesis of circRNA

circRNAs are generated by RNA polymerase II from pre-mRNA (60). These circRNAs are distinct from their linear RNA counterparts because they lack the 5′–3′ ends and poly-adenylated tail due to their closed covalent structure, which usually decides the fate of many RNA transcripts (29). According to the generation mechanism, the circRNAs can be divided into exonic circRNAs (ecircRNAs) originated from one or more exonic sequences (61) and intronic circRNAs (ciRNAs) originated from intronic sequences (30), while the exon–intron circRNAs (EIciRNAs) can be produced from intron-containing exons (62). Exonic circRNAs are cytoplasmic and result from pre-mRNA splicing where the 3′ splice donor attaches to the 5′ splice acceptor forming an exonic circRNA (61). Exon–intron circRNAs are predominantly nuclear and composed of introns and exons that interact with U1 snRNP and promote the transcription of their parental genes (31). Intronic RNA (ciRNA) formation depends on the 7-nt GU-rich element near the 5′ splice site and an 11-nt C-rich element close to the branchpoint site (30).

At the moment, there are several hypotheses to explain circRNA biogenesis, including (1) intron-pairing-driven circularization (2), RNA-binding protein (RBP)-driven circularization (3), exon skipping, and (4) intron lariat circularization (63).

The intron-pairing-driven circularization model suggests that introns flanking the exon/exons of a pre-mRNA have a structure capable of joining each other. The flanking introns approach each other, creating a secondary conformation that makes the splice sites possibly carry on back-splicing and generate exonic circRNA. Adenosine deaminase 1 acting on RNA (ADAR1) is involved in the intron pairing process of circRNA formation (64).

In the RBP-driven circularization model, RBPs bind to pre-mRNAs to connect the flanking introns. This process is induced by protein dimerization, which forms an RNA loop. Muscle blind-like splicing regulator 1 (MBNL1) protein is the most frequent RBP responsible for circRNA biogenesis (65). In the exon skipping model, one or multiple exons of the mature mRNA will be missing, whereas the lariat-driven circularization hypothesis is based on the binding of adjacent exons, leading to the formation of linear mRNA and exon–intron or multiple-exon circRNA transcript with lariat structure. Finally, the fourth proposed mechanism is the intron lariats, which can form ciRNAs (66).



Role of cis-elements and trans-factors in circular RNA formation

Mounting evidence have shown that back-splicing requires spliceosomal machinery and that the regulation of circRNA formation depends on both cis-regulatory elements and trans-acting factors. In this review, we shall focus on how cis-regulatory elements and trans-acting factors influence the biogenesis of circRNA (Figure 1).




Figure 1 | Biogenesis, nuclear export, functions, and degradation of circRNAs. In the nucleus of eukaryotic cells, DNA is transcribed to form precursor mRNA (pre-mRNA), which contains coding exons and introns. Differently from linear mRNAs, which are formed regulated by cis-acting elements and transcription factors, according to the generation mechanism, the circRNAs can be divided into exonic–intronic circRNAs (ecircRNAs), ciRNAs, and circRNAs (EIciRNAs). The proteins UAP56, URH49, and YTHDC1 can promote the nuclear export of circRNAs. The functions of circRNAs include the regulation of gene transcription or splicing, acting as miRNA sponge, binding with RNA-binding protein, translation into peptide or protein, and packing in exosomes. The degradation of circRNA includes miRNA-directed circRNA decay, m6A-mediated circRNA decay, RNase L-mediated circRNA decay, and overall structure-mediated circRNA decay.




Cis elements regulate the formation of circRNAs

Back-splicing often requires regulatory elements residing in introns flanking circularized exons. Flanking intronic complementary sequences (ICSs) can promote exon circularization and then give rise to the formation of circRNAs (27). Most circRNAs in mammals are produced from internal exons with long flanking introns usually containing ICSs. RNA pairing formed across introns that flank back-spliced exons is expected to bring the distal single strand into close proximity to facilitate circRNA biogenesis (61). Consistently, the elimination of RNA pairs significantly reduces and, sometimes, even removes circRNA production, as revealed by mutagenesis analysis in circRNA expression vectors (67, 68)—for example, in cultured mouse cells, a previous study showed that circSry, derived from Sry gene, is flanked by many intronic complementary sequences, and the presence of long inverted repeats (IR) flanking of Sry gene results in the formation of the Sry circular transcript (69). Furthermore, the fusion-circRNAs (f-circRNAs) that originated from aberrant chromosomal translocations in cancers also supported the view that intronic RNA pairing across circle-forming exons is critical for enhanced circRNA formation (70). F-circM9 was identified to be produced by the MLL/AF9 fusion gene that contains the MLL gene exon 1–8 and AF9 gene exon 6–11. After translocation, the trans intronic sequences of the MLL and AF9 genes are juxtaposed in cis, which subsequently facilitates circRNA generation by forming newly paired ICSs flanking the translocation breakpoint (70). ICSs even have 23 nucleotides flanking intronic regions and also promote the formation of natural circRNA in platelets (27). It has been shown that Alu elements are abundant and constitute 11% of the reference human genome, and nearly half of them is located in human introns (71). A recent study demonstrated that complementary inverted-repeat Alu elements drive the RNA pairs, which enhances the exon circularization efficiency and leads to multiple circular RNA transcripts produced from a single gene (27). RNA pairing formed across flanking introns generally promotes circRNA formation (72). Furthermore, RNA pairing within individual introns generally facilitates canonical splicing in linear RNA, competing with RNA pairing across flanking introns and leading to reduced circRNA formation from the same gene locus (36). These recent findings together reveal that cis elements play a key role in circRNA biogenesis.



Trans-acting factor regulate the formation of circRNAs

Previous studies have demonstrated that RNA-binding proteins are also involved in spliceosome function via the modulation of alternative splicing which control the information of circRNAs. In Drosophila cells, using RNAi depletion or the pharmacological inhibition of spliceosome-related gene expression inhibits canonical pre-mRNA processing and increases the output of circular RNAs (73). Another study likewise shows that the pharmacological inhibition of the spliceosome promotes the biogenesis of circRNAs in mouse brain (74). Therefore, one can assume that spliceosome regulates the activity of back-splicing and canonical splicing and then affects the biogenesis of circRNAs and mRNA. The abundance of core spliceosomal factors promotes the biogenesis of circRNAs and reduces the product of linear mRNA. The RNA-binding proteins regulate the back-splicing process through an interaction with ICSs, whereas the double-stranded RNA-binding domains in RBPs bind to ICSs and stabilize the transiently formed intronic RNA pair flanking—for example, the NF90/NF110 encoded by interleukin enhancer binding factor 3 gene, which includes a double-stranded RNA-binding domain, via binding to intronic inverted-repeat Alu elements, promotes circRNA production (28). The immune factors NF90 and/or NF110, each containing two dsRNA-binding domains (dsRBDs), promote circRNA formation by direct binding to IRAlus formed in nascent pre-mRNA. In the endogenous NF90 knockdown condition, the re-introduction of wild-type NF90, but not NF90 mutants with dsRBD truncations, rescued circRNA expression, further supporting that both dsRBDs of NF90 are required for circRNA production (28). However, dsRBPs can also inhibit circRNA formation by destabilizing the RNA pairing—for example, it was reported that the depletion of DHX9 from nuclear RNA helicase, known to bind to inverted-repeat Alu elements, thus regulating the biogenesis of circRNAs, leads to the double-stranded RNA accumulation defects and increased the circular RNA production (75). ADAR1, a double-strand RNA-editing enzyme, edits A-to-I of inverted-repeat Alu elements flanking circRNA-forming exons and significantly increases circRNA expression (24). RNA-binding proteins without a dsRBD domain also participate in the regulation of circRNA levels by direct binding to specific RNA motifs—for instance, Quaking (QKI), which is an alternative splicing factor, promotes the interaction between QKI motifs and introns flanking circRNA-forming exons, thus leading to the biogenesis of hundreds of circRNAs with a paramount role in human epithelial–mesenchymal transition (EMT) (76). Other splicing factors have been found to regulate back-splicing in different biological settings: RBM20 promotes the biogenesis of circRNAs by regulating the exclusion of specific exons (77) and heterogeneous nuclear ribonucleoprotein L (HNRNPL) regulates back-splicing and promotes the biogenesis of circRNAs and tumor growth in prostate cancer (76). Splicing factor-regulated back-splicing events also occur in other species. In Drosophila melanogaster, the splicing factor Muscle blind (Mbl) regulates circRNA production from its own pre-mRNA by binding to multiple Mbl-binding sites in introns flanking the circularized exon in Mbl pre-mRNA (36). These recent findings together revealed that circRNA production is highly dependent on biological background and tightly regulated in cells using different cis elements and trans factors that are back-splicing specific.




The properties of circRNAs

circRNAs have the characteristics of abundance (32), specificity (25), stability (33), and translational capacity (34). It has also been shown that circRNAs usually have higher expression levels in low-proliferating cells, and developing tissues such as the heart, lung, and brain usually show higher levels of circRNA (78). These evidence show that the expression patterns of circRNAs are tissue and development specific. While some studies found that the expression of circRNAs was not correlated with their host mRNAs, only in some special circumstances were the expression levels of circRNAs higher than those of their host mRNAs (79). Most of the circular RNAs are cytoplasmic due to the lack of 5′ caps and 3′ poly-A tails that confer resistance to ribonuclease R (RNase R)-dependent degradation (33). The half-life of circRNAs far exceeds that of their linear RNA counterparts (48 and 10 h, respectively (61)). These characteristics make circRNAs ideal biomarkers of cancer.

Numerous results have shown that the expression of circRNAs exhibit specificity to certain tissues and developmental stage—for example, one study found that circRNAs were extraordinarily enriched in the mammalian brain compared to other tissues (80).

Although circRNAs belong to non-coding RNAs, recent studies unraveled that circRNAs can be translated into proteins or peptides—for example, circ-FBXW7 encodes a novel 21-kDa protein, called FBXW7-185aa, and the depletion of FBXW7-185aa promotes malignant phenotypes in glioma (81).



The nuclear export of circular RNAs

In spite of the fact that most circRNAs are primarily cytoplasmic while circRNAs containing retained introns are nuclear (31), some circRNAs are formed in the nucleus and then transported to the cytoplasm.

Their elaborated control of transport is essential for circular RNAs to exert their functions properly in eukaryotic cells. A recent study has demonstrated that m6A modification and other proteins modulate the circRNA export and that knock-down of the DExH/D-box helicase Hel25E leads to the nuclear accumulation of circRNAs longer than 800 nucleotides. Moreover, the depletion of UAP56 or URH49 results in long and short circRNA enrichment in the nucleus, respectively (82). These evidence indicate that the lengths of mature circRNAs may be a decisive factor for their nuclear export. In addition, a more recent study suggest that N6-methyladenosine RNA modification plays a significant role in the regulation of the nuclear export YTHDC1, a circRNA m6A reader that mediates the export of methylated mRNA from the nucleus to the cytoplasm as demonstrated by the depletion of YTHDC1 that leads to the accumulation of m6A-containing transcripts in the nucleus. Another study demonstrated the interaction of YTHDC1 with the splicing factor and nuclear export adaptor protein SRSF3, leading to the increased nuclear export of m6A-containing transcripts (83).

Very similarly, in colorectal carcinoma patients, Chen et al. recently identified the pro-metastatic effect of the upregulation of the m6A-modified circRNA circNSUN2 that enhances the stability of high-mobility group AT-hook protein 2 mRNA. Furthermore, the m6A modification increases the export of circNSUN2 to the cytoplasm (84) (Figure 1).

To conclude, it can be assumed that the mechanisms for extracellular transportation are not yet fully understood, and further studies on this function are certainly warranted.



The degradation of circular RNAs

The circular structure confers resistance of circRNAs to degradation by RNA decay nuclease and other proteins. Therefore, circRNAs have much higher stability than their cognate linear transcripts (85). Nevertheless, under stress conditions, circRNAs can also be degraded through different mechanisms. Thomas Hansen et al. revealed that miRNAs directly bind circRNAs and promote their degradation process. miR-671 directly cleaves a circular antisense transcript of the CDR1 locus in an Ago2-slicer-dependent manner, whereas the miR-671 target site of the circRNA CDR1as/ciRS-7 recruits miR-671-loading Ago2 to CDR1as/ciRS-7, causing endonucleolytic cleavage by Ago2 and subsequent exonucleolytic RNA degradation (86). In addition, many endonucleases participate in the circRNA degradation process. Under viral infection, double-stranded RNA (dsRNA) activates the RNase L that, in turn, promotes the degradation of circRNAs (87). Fischer et al. have revealed that, during this novel structure-mediated circRNA decay, UPF1 interacts with G3BP1 and accelerates the structure-mediated circRNA decay degradation (88). Interestingly, N6-methyladenosine RNA modifications also affect the degradation of circRNAs; m6A-containing circRNAs use m6A as a recruiter of the m6A reader protein YTHDF2 and adaptor protein HRSP12. Eventually, HRSP12 directly binds to a GGUUC motif on circRNAs and serves as a bridge to bring YTHDF2 and endoribonuclease RNase P/MRP together, thus enabling RNase P/MRP to initiate circRNA degradation (89) (Figure 1).




The roles of circRNAs in physiological conditions

Previous studies have demonstrated that circRNAs contribute to gene regulation through a variety of actions, including regulating transcription, sponging microRNAs, interacting with RNA-binding proteins, and protein translation. The potential functions of circRNAs have been extensively studied (Figure 1). A number of studies have begun to reveal that at least some circRNAs could play crucial roles in physiological conditions by distinct modes of action at the molecular level.


circRNAs regulate transcription and splicing

ciRNAs and EIciRNAs are the products of processed intron lariats and back-splicing with retained introns, respectively. Both of them are mostly nuclear and regulate gene expression at the transcriptional and post-transcriptional levels (31). EIciRNAs interact with U1 small nuclear ribonucleoproteins (snRNP) and RNA PoII in the promoter region of the parental gene to enhance gene expression in cis—for instance, the blockage of circEIF3J and circPAIP2 reduces the transcriptional level of host genes (31). As expected, the processing of circRNAs affects the alternative splicing of their linear cognates and competes with pre-mRNA splicing, suggesting a negative relationship between circRNA and their linear isoforms (36)—for example, circMbl derived from the circularization of the second exon of the MBL competes with linear MBL mRNA to maintain the balance between canonical splicing and circRNA production (36). However, in addition to exon skipping, whether there are additional regulators that affect exon circularization remains to be explored. Recently, a study showed that circSEP3, derived from exon 6 of the SEPALLATA3 gene, concurs to form a RNA–DNA complex that participates in the transcription pausing and alternatively splicing process of the SEP3 gene (31). The above-mentioned research shows that some localized nuclear circRNAs can modulate gene transcription and splicing via different mechanisms



circRNAs act as miRNA sponges

A scenario in which competitive endogenous RNA (ceRNA) transcripts with shared microRNA (miRNA) binding sites compete for the post-transcriptional control expression of mRNA is hypothesized (90). In the case of cytoplasmic circRNAs, it acts as miRNA sponge and stabilizes mRNA stability, preventing miRNA-mediated degradation. There are many evidences showing that circRNAs act as miRNA sponges: as a sponge for miR-7, ciRS-7 contains more than 70 selectively conserved miR-7 target sites, is highly and widely connected with AGO proteins, strongly suppresses miR-7 activity, and increases the expression of miR-7 targets (37). circRNA Sry, the testis-specific circRNA in sex-determining region Y (Sry), is a potent miRNA 138 sponge that contains 16 putative target sites for miR-138 and directly binds miRNA 138 to participate in the development of mouse testis (37). Similarly, a recent study indicated that circHIPK3, derived from Exon2 of the HIPK3 gene, contains many potential binding sites of miR-124 and acts as a sponge-inhibiting miR-124, an activity with subsequent pivotal biological effects in human cells (91). It has been shown that circZNF91, sponge for miR-23b-3p, modulates human epidermal stem cell differentiation (92), whereas circBIRC6 directly binds miR-34a and miR-145 and modulates the pluripotency and differentiation of human embryonic stem cells (93). These evidence suggest that circRNAs play a crucial role in controlling the stability and quantity of miRNAs.



circRNAs interact with RNA-binding proteins

Although circRNAs mostly act as miRNA sponges, many research studies have been carried out to explore the functional relevance of circRNA–protein interactions. The most well-known proteins interacting with RNA molecules are the RNA-binding proteins (RBPs). RBPs contain a large class of over 2,000 proteins that interact with transcripts and play an important role in RNA metabolic processes (94). Previous evidence have shown that circRNAs interact with RBPs to form specific circRNA–protein complexes and affect protein localization and function. Exon–intron circRNAs interact with U1 snRNP and regulate the expression of their related parental genes (31). Circular RNA circ-Foxo3 is mostly cytoplasmic, where it interacts with the anti-senescent protein ID-1, the transcription factor E2F1, FAK, and HIF1α, resulting in increased cellular senescence (95). circ-Foxo3 interacts with cell cycle protein cyclin-dependent kinase 2 and cyclin-dependent kinase inhibitor 1 and leads to the formation of a ternary complex, thus promoting the cell cycle progression of non-cancer cells (96). Although circ-Foxo3 is minimally expressed in tumor specimens, the expression of circ-Foxo3 gradually increases during cancer cell apoptosis. Other studies demonstrate that circ-Foxo3 and MDM2/p53 form the complex circ-Foxo3/MDM2/p53 that promotes MDM2-induced p53 ubiquitination and subsequent degradation. circ-Foxo3 plays an important regulatory role in cell apoptosis because it prevents MDM2 from inducing Foxo3 ubiquitination and degradation, resulting in elevated levels of Foxo3 protein (97). It has also been reported that circACC1 interacts with AMPK and elevates the stability of AMPK holoenzyme, promotes the enzymatic activity of the AMPK holoenzyme by forming a ternary complex with the regulatory β and γ subunits of AMPK holoenzyme, and plays a critical role in both fatty acid β-oxidation and glycolysis (98). Abdelmohsen K and colleagues provided evidence that CircPABPN1 prevents HuR binding to PABPN1 mRNA that results in the suppression of PABPN1 translation (99). Another typical example is circ-AMOTL1, which directly binds to PDK1 and AKT1, leading to AKT1 phosphorylation and nuclear translocation, and plays a cardio-protective role in cardiovascular disease (100). Furthermore, in GBM, circSMARCA5 acts as sponge for SRSF1 as well as participates in the process of VEGFA mRNA splicing regulation and angiogenesis (101). In summary, these evidence indicated that circRNAs interact with RNA-binding proteins and play a significant role in protein function regulation.

CircANRI binds pescadillo homologue 1 (PES1) and is an essential 60S-preribosomal assembly factor that impairs exonuclease-mediated pre-rRNA processing and ribosome biogenesis in vascular smooth muscle cells and macrophages (48). CircHECTD1 promotes fibroblast proliferation and migration via interaction with HECTD1/ZC3H12A (102). CircZKSCAN1 competes with the binding between FMRP and β-catenin-binding protein cell cycle and apoptosis regulator 1 (CCAR1) mRNA, with subsequent inhibition of WNT signaling and HCC stemness (103). CircARSP9 increases the susceptibility of HCC cells to NK cell cytotoxicity in HCC cells by the upregulation of UL16-binding protein (ULBP1) expression (104). AR suppresses CircARSP91 expression by upregulating ADAR1, while CircARSP91 plays an inhibitory role in HCC tumor growth (105). Circular RNA FECR1 controls breast cancer tumor growth by the recruitment of TET1 to FLI1 promoter, determining the over-expression of FLI1 (106). circRNA−MTO1 modulates the Eg5 protein expression, suppresses cell viability, promotes monastrol-induced cell cytotoxicity, and reverses monastrol resistance (107) via tumor necrosis factor receptor-associated factor 4 (TRAF4). Circ-Dnmt1 interacts with both p53 and AUF1, promotes the nuclear translocation of both proteins, and plays an oncogenic role in breast cancer cell autophagy (108). CircECE1 was reported to interact with c-Myc to prevent speckle-type POZ-mediated c-Myc ubiquitination and degradation and exert the proliferation and metastatic capability of osteosarcoma cells (109). circRNAs interact with proteins to influence their cellular functions, thereby regulating gene transcription and inhibiting cell cycle progression but promoting cardiac senescence, apoptosis, and cell proliferation.



circRNAs can be translated

Due to lack of 5–3′ polarity, polyadenylated tails, and internal ribosome entry sites (IRES), circRNAs were initially defined as a noncoding RNA. Notwithstanding, a recent study found that, under certain conditions, circRNAs possess translational ability and can code functional peptides—for example, Circ-ZNF609 contains an open reading frame span that can be translated into a protein that controls myoblast proliferation (39). Moreover, m6A modification regulates circRNA translation and METTL3 and YTHDC1 regulate back-splicing, while the knockdown of METTL3 downregulates Circ-ZNF609.

Another study shows that YTHDF3 and eIF4G2 recognize the m6A modifications in Circ-ZNF609 and modulate its translation (110). It was suggested that circular RNA derived from the long intergenic non-protein-coding RNA p53-induced transcript (LINC-PINT) can code an 87-amino-acid peptide. This peptide directly interacts with PAF1c, inhibits the transcriptional elongation of multiple oncogenes, and plays a suppressive role in glioblastoma cells (111). Circ-FBXW7, highly expressed in normal human brain, has been reported to encode a novel 21-kDa protein, named FBXW7-185aa, that reduces the half-life of c-Myc by antagonizing USP28-induced c-Myc stabilization, thus acting as tumor suppressor in glioblastoma cells (34). In addition, circ-SHPRH contains an open reading frame.

The IRES translate a functional protein named SHPRH-146aa and play an additional inhibitory effect in GBM, protecting the full-length SHPRH from ubiquitination (112). Similarly, circβ-catenin is highly expressed in liver cancer tissues where it promotes liver cancer cell growth. Another study shows that Circβ-catenin is predominantly localized in the cytoplasm and encodes a novel 370-amino-acid β-catenin isoform via a linear β-catenin mRNA. This β-catenin isoform increases the stability of full-length β-catenin by antagonizing GSK3β-induced β-catenin phosphorylation and degradation and eventually results in the activation of the Wnt pathway (113). Circ PPP1R12A contains an open reading frame encoding the functional protein circPPP1R12A-73aa that promotes the growth and metastasis of colon cancer via activating the Hippo-YAP signaling pathway (114).

We named AKT3-174aa as circ AKT3 encoding a 174-amino-acid novel protein that competes with phosphorylated PDK1, reduces AKT-thr308 phosphorylation, and plays an inhibitory role in the tumorigenicity of GBM cells (115).

CircE7 is derived from human papillomaviruses and, via its interactionwith polyribosomes, is translated into the E7 oncoprotein. E7 oncoprotein depletion significantly suppresses cancer cell growth and tumor xenografts (116). CircLgr4 is highly expressed in colorectal tumors and colorectal cancer stem cells. The knockdown of circLgr4 inhibits colorectal cancer stem cell (CSC) self-renewal, colorectal tumorigenesis, and invasion. CircLgr4 encodes the circLgr4-peptide, which interacts with LGR4 to activate the LGR4-Wnt signaling pathway that, in turn, drives the self-renewal of colorectal CSCs (117). In colon cancer cell lines and tissue, circ FNDC3B is mostly localized in the cytoplasm, and its over-expression inhibits the proliferation, invasion, and migration of colon cancer cells. CircFNDC3B also encodes a novel protein circFNDC3B-218aa that suppresses colon cancer progression (118). These evidence pave the avenue to future studies on the translational function of circRNA.



Other physiological functions

A growing body of evidence show that circRNAs play a critical role in the physiological processes, including exosomes secretion (119), aging (40), myogenesis (41), male reproductive function (42), adipogenesis (43), innate immune response (28), synaptic function (44), insulin secretion (45), and mROS output (46). Exosomes are extracellular membranous micro-vesicles with a diameter of 40–160 nm and secreted by various cell types (120). Exosomes derived from host cells can be taken up and exert biological effects both on adjacent and distant cells (121). Exosomes have been implicated in the occurrence and development of many diseases, including cancer (122). Exosomes may include biological molecules such as lipids, proteins, DNA, and non-coding RNAs (ncRNAs), and their content and biological effects depend on the host cells.

ncRNA-containing exosomes play a role in disease progression, including cancer (123). A recent study by Zhang N et al. reported that circSATB2 is highly expressed in NSCLC cancer exosomes and promotes the proliferation, migration, and invasion of NLCSC cells. SATB2-containing exosome can be taken up by NLCSC cells to promote cell–cell communication, progression of NSCLC cells, proliferation of normal bronchial epithelial cells, and lymphatic spreading. The receiver operating characteristic (ROC) analysis curve of exosomial circSATB2 shows an area under the ROC curve (AUC) value of 0.660 and 0.797 in serum from patients with lung cancer and metastatic lung cancer patients, respectively. These results indicate that exosomial circSATB2 could act as a blood detection index for the diagnosis of lung cancer and lung cancer metastasis with high sensitivity and specificity (124). Similarly, it has also been reported that circRNA 002178 exosomes from the plasma of LUAC patients were highly expressed in LUAC tissues and LUAC cancer cells. Functional studies have demonstrated that circRNA-002178 enhances PDL1 and induces T cell exhaustion via sponging miR-34 in cancer cells. Interestingly, circRNA-002178 could be exploited as a novel diagnosis biomarker for lung cancer because the AUCs have been demonstrated to be higher (0.9956) in the exosomes derived from cancer cells than in those derived from normal human bronchial epithelial cells (125).

Other evidence indicate that circRNAs play a crucial role in the mitochondria, including non-alcoholic steatohepatitis pathogenesis. The steatohepatitis-associated circRNA ATP5B Regulator (SCAR) is primarily localized in the mitochondria and alleviates meta-inflammation by reducing the mROS output. Mechanistic analyses have demonstrated that circRNA SCAR binds to ATP5B and inhibits mPTP by blocking the CypD–mPTP interaction with subsequent reduction of both mROS generation and fibroblast activation (46). Therefore, circRNA SCAR is a potential therapeutic target for nonalcoholic steatohepatitis. CircSamd4 is upregulated during the differentiation of mouse C2C12 myoblasts into myotube, whereas the overexpression of circSamd4 interferes with the binding of PUR proteins to the Mhc promoter and promotes myogenesis (41). CircArhgap5-2 promotes adipogenesis through maintaining the global adipocyte transcriptional program involved in lipid biosynthesis and metabolism (43). Flies missing circular Boule (circBoule) RNAs have decreased male fertility, under heat stress conditions, and the knockdown of circBoule decreases the fertilization capacity. Moreover, circBoule RNAs inhibits\ the spermatogenesis process by interacting with heat shock proteins (HSPs) and promoting their ubiquitination (42). CircSfl is upregulated in the brain and muscle, and its overexpression significantly extends the lifespan of fruit flies, whereas mechanistic analyses have demonstrated that circSfl is translated into a protein sharing some functions with the full-length Sfl protein encoded by the host gene and extending the lifespan of cells (39). On the whole, these studies demonstrate that circRNAs play an important role in physiological processes.




The roles of circRNAs in lung cancer pathological conditions

Numerous circRNAs have been found to be dysregulated in lung cancer tissues, playing oncogenic or tumor-suppressor roles. Extensive evidence has demonstrated that there are many differentially expressed circRNAs in the tissues and plasma of lung cancer patients. Chen et al. analyzed the circular RNA expression by high-throughput sequencing of plasmatic exosomes from patients with early-stage lung adenocarcinoma and detected 182 differentially expressed exosomal circRNAs, which included 105 upregulated and 78 downregulated compared with the controls (126). Using next-generation sequencing, Zhang et al. found that 35 circRNAs were aberrantly expressed in small-cell lung cancer tissue. Among these, five circRNAs were significantly upregulated, and 30 circRNAs were significantly downregulated (127). The roles of dysregulated circRNAs in lung cancer include proliferation, migration, invasion, apoptosis, cell cycle, stemness of lung cancer stem cell, chemotherapy resistance, tumor metabolism, tumor microenvironment (TME), and immune evasion of lung cancer cells. Here we discuss biological activities and pathogenic mechanisms of cirRNAs in lung cancer (Figure 2).




Figure 2 | Biological function of circRNAs in the hallmarks of lung cancers. circRNAs are involved in the pathogenesis of lung cancers through the regulation of proliferation and invasion, cell cycle, cell autophagy, cell apoptosis, stemness, chemotherapy resistance, and tumor microenvironment. Black indicates an oncogenic role, and blue indicates a tumor-suppressive role.




circRNAs regulate the proliferation and cell cycle of lung cancer cells

As the most important hallmarks of lung cancer, the proliferation of tumor cells accounts for over 50% of the cases (128). There are many evidence that circRNAs promote carcinogenesis and the progression of lung cancer, inducing cell cycle progression and proliferation through different mechanisms. Previous studies have demonstrated that endogenous F-circEA, which is derived from the EML4-ALK fusion gene, elevates the expression of F-circEA and promotes the migration and invasion ability of lung cells. F-circEA could be a novel liquid biopsy biomarker for the diagnosis of lung cancer because it is detectable in the plasma of patients with EML4-ALK translocation (129). In addition, circSATB2 is highly expressed in tumor cells and tissues and detectable in serum exosomes from patients with NSCLC. It acts as a sponge for miR-326, resulting in the upregulation of the actin-bundling protein 1 (FSCN1) expression and promoting the proliferation, migration, and invasion of NSCLC cells (124). It has been shown that circBIRC6 is upregulated in primary human NSCLC tissues and cells and, when knocked down, inhibits growth, proliferation, migration, and invasion of these tumor cells by sponging the tumor suppressor miR-145 (130). Circ NT5E promotes human NSCLC cell progression by sponging miR-134 (131), whereas circ-ARHGAP10 promotes human NSCLC cell progression via the miR-150-5p/GLUT1 axis (132). Circ-FOXM1 promotes the proliferation of NSCLC cells acting as sponge for miR-614, thus upregulating the expression of FAM83D (133). The high expression of Circ-0000326 in LUAC is correlated with tumor size, regional lymph node status, and differentiation. Mechanistic studies show that circ-0000326 acts as a miR-338-3p sponge and upregulates the expression of the downstream target RAB14, promoting the proliferation, migration, and apoptosis of LUAC cells (134). Circ PTPRA suppresses EMT and the metastasis of NSCLC cell lines by sponging miR-96-5p and upregulation of the downstream tumor suppressor RASSF8 (135). It has been shown that circ-0102231 is mainly localized to the cytoplasm, significantly upregulating the expression of RBBP4 (136) and promoting NSCLC cell proliferation and invasion by sponging miR-145. Circular RNA cMras inhibits LUAC progression via modulation HTTof the miR-567/PTPRG regulatory pathway (137). Circ-100565 modulates the expression of HMGA2 by sponging its regulatory Mir (miR-506-3p) (138). Reduction of circ-100565 significantly suppresses in vitro proliferation, migration, and invasion and the in vivo tumor growth of NSCLC cells, whereas in patients with NSCLC high levels of circ-100565 are associated with poor overall survival.

Circ-ABCB10 promotes NSCLC progression via modulating the miR-584-5p/E2F5 regulatory pathway (139). Cytoplasmic circ-0001320 is downregulated in lung cancer cells and inhibits the growth and invasion of lung cancer cells through the miR-558/TNFAIP1 and TPM1 pathways (126). circRNA-001010 is highly expressed in NSCLC patients and acts as a molecular sponge of miR-5112, leading to the increased expression of the oncogene CDK4 (127) with subsequent proliferation, migration, and invasion of NSCLC cells.

Knockdown of circ-0087862 significantly reduces NSCLC cell viability, migration, and invasion and enhances apoptosis, and a high expression of circ-0087862 is related with poor clinical outcome in NSCLC patients. It is hypothesized that circ-0087862 increases the expression of RAB3D by sponging miR-1253 (140). A decreased expression of Circ-CRIM1 in LUAC cancer is significantly correlated with lymphatic metastasis and more advanced TNM stage and is an independent negative biomarker for the overall survival of patients with LUAC. CircCRIM1 suppresses the invasion and metastasis of LUAC through sponging miR-93 and miR-182 and increases the expression of leukemia inhibitory factor receptor, a well-known tumor suppressor (141). circ-RNA EPB41L2 plays an inhibitory role in LUAC through regulating the miR-211-5p/CDH4 axis (142). Circ-ZNF609 is significantly upregulated in LUAC tissues and cell lines and promotes cell proliferation of LUAC cells through sponge miR-1224-3p to promote EVT1 expression (143). Circ-0072309 is lowly expressed in NSCLC tissues and cell lines and plays an inhibitory role in LUAC through blocking the expression of miR-580-3p (144). Overexpression of circ-11780 inhibits the proliferation, migration, and invasion of NSCLC cells in vitro and tumor growth in vivo via the miR-544a overexpression and reduced the protein concentration of F-Box and WD repeat domain containing 7 (FBXW7) (145).

Circ-0072088 acts as sponge for miR-377-5p, leading to the upregulation of NOVA2, and promotes the proliferation and metastasis of NSCLC cells (146). Circ-0109320 is significantly more expressed in NSCLC and associated with more advanced staging and lymph node metastasis of NSCLC via sponging of miR-595 and subsequently upregulates E2F7 expression (147). A novel circRNA (circHIPK3) increases STAT3 expression by inhibiting miR-124-3p in STK11 mutant lung cancer cells (148). Moreover, silencing circHIPK3 results in the reduction of cell proliferation, migration invasion, and promotion of macroautophagy/autophagy via MIR124-3p-STAT3-PRKAA/AMPKα signaling in STK11 mutant lung cancer (148). Overexpression of circAKT3 significantly promotes proliferation, migration, and invasion by sponging miR-330-5p, resulting in increased HMGB3 expression in non-small-cell lung cancer cells (149). circRNA-010763 promotes the growth and invasion of lung cancer through the regulation of the circRNA-010763/miR-715/c-Myc axis (150). Circ-THBS1 is highly expressed in patients with metastatic NSCLC and promotes the cell proliferation of LUAC cells by sponging miR-129-5p and SOX4 overexpression (151). There is also evidence that circ- 0012673 facilitates lung cancer cell proliferation and invasion via the miR-320a/LIMK18521axis (152). Several other regulatory cascades comprising circRNA, miRNA, and mRNA have been reported in lung cancer, including circ-MAN2B2/miR-1275/FOXK1 (153), circ- 103809/miR-4302/ZNF121/MYC (154), circ-0020123/miR-144/ZEB1 and EZH2 (155), circ-FADS2/miR-498 (156), circ-0026134/miR-1256/miR-1287 (157), circ -0016760/miR-577/ZBTB7A (158), circ-0016760/miR-1287/GAGE1 (159), circ-BANP/miR-503/LARP (160), circ-001569/Wnt/β-catenin (161), circ -FOXM1/miR-1304-5p/PPDPF/MACC1 (162), Circ-FGFR3/miR-22-3p/Gal-1,p-AKT, p-ERK1/2 (163), circ-PVT1/miR-125b/E2F2 (164), circ-PVT1/miR-497/Bcl-2 (165), circ-0000735/miR-1179/miR-1182 (166), circ-100146/miR-361-3p/SF3B3 (167), circ-0043278/miR-520f/ROCK1, CDKN1B and AKT3 (168), circ-RAD23B/miR-593-3p/CCND2 and circ -RAD23B/miR-653-5p/TIAM1 (169), circ-0003645/miR-1179/TMEM14A (170), circ-P4HB/miR-133a-5p/vimentin (171), circ-0046264/miR-1245/BRCA2 (172), and circ- 100395/miR-1228/TCF21 (54).

Extensive evidence has demonstrated that circRNAs play a significant regulatory role in cell cycle transition. The dysregulation expression of circRNAs leads to tumor cell cycle progression.

circRNAs are involved in the regulation of G1/S checkpoint and participate in the development and progression of lung cancer. p21 is a cyclin-dependent kinase inhibitor that binds and inhibits the catalytic activity of Cdk2, leading to G1-phase cell cycle arrest (173). circ-Foxo3 binds to CDK2 and p21, giving origin to a circ-Foxo3-p21-CDK2 ternary complex that inhibits CDK2-dependent G1/S cell cycle progression (96). In addition, circ-0013958 acts as a sponge of miR-134, with subsequent upregulation of oncogenic cyclin D1 that plays a pivotal in the development of non-small-cell lung cancer (174). Circ-0006916 inhibits miR-522, promoting the G0/G1 progression of NSCLC (175). Circ-TP63 is highly expressed in LUSC tissues and correlates with a more advanced TNM stage. circ-TP63 competes for binding with miR-873-3p and then upregulates FOXM that, in turn, upregulates CENPA and CENP, thus promoting cell cycle progression (176).



circRNAs regulate the invasion and metastasis of lung cancer cells

Mounting evidence revealed that the aberrant expression of circRNAs is implicated in the invasion and metastasis of lung cancer —for example, circPTK2 acts a sponge for miR-429/miR-200b-3p, thus promoting TGF-β-induced EMT via TIF1γ and the invasiveness of NSCLC cell (15).

Circ-ABCB10 is also increased in NSCLC cell lines, and the knockdown of circ-ABCB10 suppresses NSCLC cell migration by promoting microRNA miR-1252 expression and suppressing Forkhead box 2 (FOXR2) (177). Circ-MAN2B2 promotes lung cancer cell invasion via the miR-1275/FOXK1 axis (153). The upregulated expression of circ-0067934 is associated with the invasiveness and migration of tumor cells and the overexpression of some EMT-associated markers such as N-cadherin (178). Circular RNA cESRP1 acts as a sponge for miR-93-5p and targets Smad 7/p21(CDKN1A), causing the inhibition of TGF-β-mediated EMT progress in lung cancer (179).

Circ-BANP promotes the migration, invasiveness, and increased expression of LARP1 in lung cancer cells via miR-93-5p and the inhibition of miR-503, respectively (160).

CircAGFG1 is elevated in NSCLC tissues and promotes invasion, migration, and epithelial–mesenchymal transition via the circ-AGFG1/miR-203/ZNF281 axis (180).

Circ-PTPRA suppresses EMT in NSCLC cell lines through the circ-PTPRA/miR-96-5p/RASSF8/E-cadherin axis and is downregulated in NSCLC tumor (135). Naringenin inhibits cell migration and invasion by regulating the circ-FOXM1/miR-3619-5p/SPAG5 axis in lung cancer (181). Several other regulatory cascades including circRNA, miRNA, and mRNA have been reported in lung cancer: circ-SATB2/miR-326/FSCN1 (124), circ-BIRC6/miR-145 (130), circ-NT5E/miR-134 (131), circ-ARHGAP10/miR-150-5p/GLUT1 (132), circ-FOXM1/miR-338-3p/RAB14 (134), circ-PTPRA/miR-96-5p/RASSF8 (135), circ-0102231/miR-145/RBBP4 (136), circ -100565/miR-506-3p/HMGA2 (138), circ-0001320/miR-558/TNFAIP1/TPM1 (126), circ-001010/miR-5112/CDK4 (126), circ-0087862/miR-1253/RAB3D (140), circ-CRIM1/miR-93 and miR-182 (141), circ-11780/miR-544a/FBXW7 (145), circ -0072088/miR-377-5p/NOVA2 (146), circ-0109320/miR-595/E2F7 (147), circ-HIPK3/miR124-3p-STAT3 (148), circ-AKT3/miR-330-5p/HMGB3 (149), circ- 010763miR-715/c-Myc (150), and circ-0012673/miR-320a/LIMK18521 axis (152).



circRNAs regulate the stemness and resistance of lung cancer stem cells

NSCLC is often a stubborn disease characterized by chemoresistance that represents a significant clinical challenge and contributes largely to disease progression, recurrence, and mortality (182). Despite the recent therapeutic advances (i.e., targeted therapy and immunotherapy), chemotherapy is still the backbone treatment for patients with advanced NSCLC cancer. Either cisplatin or carboplatin is used in combination with gemcitabine, vinorelbine, pemetrexed, or taxanes (docetaxel or paclitaxel) (183), while most patients with NSCLC are sensitive to chemotherapy at the early and the late stage. They show drug resistance that requires the identification of novel targets and development of more personalized medicine in the future (184). Despite intense efforts to overcome such resistance in lung cancer and other cancer types using novel agents (alone or in combination with chemo- and radiotherapy), the underlying mechanisms conferring this resistant phenotype in lung cancer remain largely unknown (185). It is now well established that CSCs constitute a unique subset of cells which are distinct from the bulk of tumor cells by their exclusive ability to perpetuate the growth of a malignant population of cells. This may explain the ineffectiveness of many conventional therapies and patient relapse (186). The ability of CSC to self-renew and differentiate results in tumor growth, progression, metastasis, and drug cancer treatment failure (187). This multi-drug resistance is mostly due to channel proteins that expel anticancer drugs, leading to decreased drug cell concentration (187). The stemness markers of lung cancer stem cells mainly include ALDH1, ABCG2, CD44, CD133, NANOG, and SRY-box transcription factor 2 (SOX2) (188). However, a recent study showed that circRNAs underpin cancer cell stemness by the upregulation of these stemness markers (189).On the contrary, circ-SOX4 suppresses cell proliferation, self-renewal, migration, and the invasiveness of lung tumor-initiating cells. Additionally, circ-SOX4 activates the Wnt/β-catenin pathway to maintain the stemness of lung cancer stem cells (190). Depletion of circPOLA that acts as a sponge for miR-326 with the subsequent upregulation of the G protein subunit beta 1 (GNB1) expression (56) leads to reduction of sphere formation ability, ALDH1 activity, and stemness marker expression of lung cancer cells. Consistently, the high expression of circPOLA in lung cancer tissues is associated with poor prognosis. CDR1as is upregulated in CDDP-resistant NSCLC cells, whereas its overexpression enhances the stemness signatures (SOX2, OCT4, and Nanog) via the miR-641/HOXA9 axis and confers resistance to CDDP-sensitive NSCLC cells (191).

Circ-PVT1 is highly expressed in LUAC cell lines and tissues and related to CDDP and MTA. Circ PVT1 mediates CDDP and MTA resistance via the miR-145-5p/ABCC1 axis, and Circ PVT1 knockout sensitizes tumor cells to CDDP and MTA (192). Mao et al. reported that CDR1-AS is also upregulated in cell lines and LUAC tissues and cell lines and confers resistance of patients to paclitaxel (PTX) and CDDP via the epidermal growth factor receptor (EGFR)/phosphatidylinositol 3-kinase (PI3K) signaling pathway (193).

cESRP1 is significantly downregulated in the chemoresistant cells and augments drug sensitivity by sponging miR-93-5p in SCLC, thereby upregulating CDKN1A, and subsequently inhibits transforming growth factor-β-mediated epithelial–mesenchymal transition via miR-93-5p (179). Circ-0085131 acts as a ceRNA of miR-654-5p and upregulates the expression of autophagy-associated factor ATG7, thereby modulating cell chemoresistance. Circ-0085131 is more expressed in NSCLC tumor tissue than in the adjacent normal tissue, and the higher expression is associated with the recurrence and poorer survival of NSCLC (194). He and colleagues have shown that circ-0000567 and circ-0006867 are upregulated and downregulated, respectively, in two gefitinib-resistant cell lines. The Gene Ontology and Kyoto Encyclopedia of Genes and Genomes pathway analysis indicates that dysregulation of circRNAs might play an important role in the development of acquired resistance to gefitinib in NSCLC (195). Circ AKT3 inhibits the cisplatin sensitivity of lung cancer cells via the miR-516b-5p/STAT3 axis-mediated glycolysis balance (196). Circ-AKT3 is upregulated in lung cancer tissues and cells, and knockdown of circAKT3 improves the cell sensitivity to CDDP and reduces glycolysis. Consistently, the inhibition of HIF-1α-dependent glycolysis attenuates the circAKT3-induced increase of chemo-resistance in A549 cells. Circ-0001946 promotes the viability, proliferation, migration, and invasion of NSCLC cells and inhibits cell apoptosis. Circ-0001946 has also been proven to reduce the sensitivity of NSCLC cells to CDDP by regulating the nucleotide excision repair (NER) signaling pathway (197). Circ-0076305 is elevated in CDDP-resistant NSCLC tissues and cells and exerts this effect via targeting miR-296-5p and enhancing the expression of STAT3 (198). Circ 0004015 enhances the resistance of HCC827 to gefitinib by sponging miR-1183 and upregulating the expression of PDPK1 (199). Circ-0003998 targets miR-326 and inhibits the miR-326-mediated effect on chemosensitivity (200). It is highly expressed in LUAC tissues and docetaxel-resistant cell lines, and its depletion decreases chemoresistance, inhibits proliferation, and enhances apoptosis in docetaxel-resistant LUAC cells.

Circ MTDH.4 regulates AEG-1 expression via miR-630 and promotes chemoresistance and radio-resistance in NSCLC cells (201). Circ-ABCB10 increases the expression of AK4, promotes lung cancer progression, and sensitizes lung cancer cells to cisplatin via sponging miR-556-3p (202). Knockdown of circ-103762 promotes CHOP expression and inhibits multidrug resistance in NSCLC (203). Wang et al. have shown that circRNA 002178 enhances PDL1 expression and induces T cell exhaustion via targeting miR-34. Furthermore, circ-002178 is detectable in the exosomes of plasma from LUAC patients and is a potential biomarker for the early diagnosis of LUAC (125). Circ-FGFR1 enhances the expression of the motif chemokine receptor 4 (CXCR4) via miR-381-3p, thus promoting NSCLC progression and resistance to anti-programmed cell death 1 (PD-1)-based therapy (204).

Depletion of circ-0007385 suppresses cell proliferation, migration, and invasion in NSCLC cells and cisplatin (DDP) resistance. Circ-0007385 is highly expressed in NSCLC tissues and cell lines and associated with poor overall survival.

Circ-0007385 regulates HMGB1 expression and promotes the chemoresistance in NSCLC cells via sponging miR-519d-3p (205).

Circ-0002483 is downregulated in NSCLC cells, enhances the sensitivity of NSCLC cells by sponging miR-182-5p, and regulates its target gene growth factor receptor-bound protein2 (Grb2), forkhead box protein O1 (Foxo1), and forkhead box protein O3 (Foxo3) (57). One group investigated the expression profile of circRNAs involved in the development of early-stage lung adenocarcinoma and found that circRNA 404833 and circ 406483 might be exceptional potential candidates as early diagnostic biomarkers for lung cancer. Among them, circ-404833, through targeting miR-149-5p, regulates the cell motility and gefitinib resistance in lung adenocarcinoma (172). It has been shown that Circ-SMARCA5 is downregulated in non-small-cell lung cancer. Its low expression was negatively correlated with tumor size, lymph node metastasis, and TNM stage but positively correlated with disease-free survival and overall survival (OS). Over-expression inhibits the cell proliferation of NSCLC and enhances the chemosensitivity to cisplatin and gemcitabine (206). Overall, these studies illustrate that circRNAs have significant regulatory functions in the chemotherapy resistance of lung cancer.



circRNAs regulate the tumor metabolism and tumor microenvironment of lung cancer

Tumor metabolic reprogramming is a hallmark of cancer. In terms of energy metabolism, the glycolysis pathway often has abnormal activation in cancer cells (207). There is an increasing number of evidence that have been uncovered which show that circRNAs, through a different mechanism, can activate the glycolysis pathway and participate in the progression of cancer. One such study has shown that circ SLC25A16 can accelerate the glycolysis and proliferation of NSCLC cells. Mechanistic research demonstrated that circ-SLC25A16 can act as a sponge for miR-488-3p and elevate the expression of HIF-1α that is a target gene of miR-488-3p. In turn, HIF-1α activates lactate dehydrogenase A (LDHA) by facilitating its transcription (208). It was suggested that the overexpression of Circ-CRIM1 inhibited LUAC cell migration, invasion, EMT, glycolysis, and tumor growth through reducing the expression of miR-125b-5p and resulted in the enhance expression of BTG2 (142). The depletion of circ-ACACA inhibited the proliferation and migration of NSCLC cells and also reduced the glycolysis rate. The details of this molecular mechanism include circ-ACACA by its sponging of miR-1183 and inactivating the PI3K/PKB signaling pathway (209). Circ-ENO1, which is derived from its host gene ENO1, was upregulated in LUAC. The overexpression of circ-ENO1 can promote glycolysis, proliferation, migration, and EMT and induce apoptosis in LUAC cells. circ-ENO1 acted as a ceRNA to interact with miR-22-3p, and an upregulated ENO1 expression promoted glycolysis and tumor progression in LUAC (58). Moreover, it was reported that Circ-CRIM1, through targeting miR-125b-5p, results in an increase of the expression of BTG2, leading to the promotion of glycolysis in lung adenocarcinoma cells (142). Circ-NFIX was highly expressed in NSCLC. The overexpression of circNFIX can promote NSCLC cell viability, migration, invasion, and glycolysis in vitro and hampered tumor growth in vivo. Mechanistic analyses have demonstrated that circ-NFIX acted as a molecular sponge of miR-212-3p and upregulated the expression of ADAM10 (210).

TME is the product of the crosstalk between different cell types and plays a crucial role in the progression, metastasis, and therapeutic treatment of cancer (211). Tumor immune escape refers to the phenomenon of tumor cells growing and metastasizing via various mechanisms to avoid recognition and attack by the immune system. The mechanism of tumor immune escape includes immunosuppression. Programmed death 1/programmed death-ligand 1 (PD-1/PD-L1), known as an immune checkpoint, is an important component of tumor immunosuppression (212). It has also been reported that circ-002178, from the exosomes of plasma from LUAC patients, was highly expressed in LUAC tissues and LUAC cancer cells. Functional studies have demonstrated that circ-002178 could enhance PDL1 expression via sponging miR-34 in cancer cells to induce T cell exhaustion (125). Circ-CPA4 was recently identified to be upregulated in NSCLC cells and cancer tissues. Compared to human bronchial epithelial cells and their paired clinical normal adjacent tissues, circ-CPA4 regulated cell growth, mobility, stemness, and drug resistance in NSCLC cells and inactivated CD8+ T cells in the tumor immune microenvironment through the let-7 miRNA/PD-L1 axis (59). Interestingly, a recent study showed that circ0000284 facilitated the progression of NSCLC by upregulating the PD-L1 expression as a competing endogenous RNA (ceRNA) of miR-377 (213). Therefore, regulating the PD-1/PD-L1 expression by targeting related circRNAs may be a direction of future immune checkpoint therapeutic research. Furthermore, some circRNAs regulate the cytokine expression to influence the function of immune cells—for example, ciRS-7 interacts with miR-7 to modulate the expression of NF-κB, modulating the activities of immune cells and affecting the development of lung cancer (214, 215). The non-cellular components of TME mainly include the extracellular matrix (ECM) and hypoxia environment. ECM, composed of matricellular proteins, elastin, collagen, and cytokines, provides the structural and functional bases for tumor cellular function (216). Circ-0000064 was reported to promote cell proliferation and inhibit apoptosis by the regulation of MMP-2 and MMP-9, participating in the destruction of the histological barrier as well as the invasion of cancer cells (217). The metabolism of cellular components in TME may result in a hypoxia environment, causing the generation of hypoxia-inducible factors (HIFs) to modulate the progression of tumor (218). A previous study has shown that upregulated circPIP5K1A inhibits miR-600 to enhance the HIF-1α expression to promote the migration and proliferation of NSCLC cells (219). Furthermore, circ-FAM120A expression was found to be downregulated in hypoxic LUAC, while HIF-1α expression increased at the same time, both promoting tumor growth (220). Therefore, circRNAs are identified to influence the hypoxia environment of TME in lung cancer.




The diagnostic and prognostic value of circRNAs

The high stability, abundance, and spatiotemporal-specific expression of circRNAs make them ideal biomarkers for liquid biopsy. The important functions of circRNAs in blood cells suggest that the dysregulation of circRNA expression in blood cells is likely to contribute to the occurrence and progression of lung cancers—for instance, in NSCLC patients, Tan et al. found that F-circEA, an f-circRNA originating from the EML4-ALK fusion gene, was exclusively expressed in the plasma of patients with the EML4-ALK fusion. Therefore, plasma F-circEA may serve as a liquid biopsy biomarker to diagnose NSCLC patients with EML4-ALK translocation and guide the targeted therapy for NSCLC patients in this subgroup (129). In a recent study, Luo et al. measured the expression levels of two circRNAs in the plasma samples of 231 lung cancer patients and 41 healthy controls using reverse transcription droplet digital PCR (221). They identified has circ-0000190 as a circRNA biomarker in human blood plasma that can predict the survival outcomes of lung cancer patients (221). Furthermore, the increased expression of circ-0000190 in plasma was also correlated with poor response to systemic therapy and immunotherapy in lung cancer patients (221). Similarly, Li et al. observed that SCLC patients with lower exosomal circFLI1 expression levels experienced longer disease remissions, indicating its prognostic power in SCLC. The authors also suggested that serum exosomal circFLI1 may be used as a biomarker that can monitor the clinical 191response to chemotherapy in SCLC patients (222). Notably, they observed that SCLC patients with lower exosomal circ-FLI1 expression levels experienced longer disease remissions, indicating its prognostic power in SCLC. The authors also suggested that serum exosomal circFLI1 may be used as a biomarker that can monitor the clinical response to chemotherapy in SCLC patients (222).

The main evaluative criterion of the diagnostic value of circRNAs is AUC in the ROC analysis. Previous studies have shown that many circRNAs may serve as potential diagnostic biomarkers. Circ 0000729 had an area under the receiver operating characteristic curve (AUC-ROC) of 0.815 for discriminating LUAC from normal controls (223). Circ-0000064, being located in the cytoplasm circRNA, was reported to be upregulated in lung cancer tissues and lung cancer cell lines. Its aberrant expression was correlated with several clinical characteristics, including T stage, lymphatic metastasis, and TNM stage, which represents a novel potential biomarker for lung cancer diagnosis (217). It was suggested that circ-102231 was highly expressed in lung adenocarcinoma tissues and associated with advanced TNM stage, lymph node metastasis, and poor overall survival of lung cancer patients. The depletion of circ-102231 significantly restrains lung cancer cell proliferation and its invasion ability. It counts as a potential diagnostic biomarker for lung cancer patients. Its area under the ROC curve was 0.897, and circ 102231 showed good sensitivity and specificity of 81.2 and 88.7%, respectively (224). Circ-0014130 was elevated in NSCLC tissues. Its high expression correlated with TNM stage and lymphatic metastasis. The area under the receiver operating characteristic curve of circ-0014130 in NSCLC was 0.878, which showed good diagnostic potential. Furthermore, via gene oncology analysis and pathway analysis, it was indicated that circ-0014130 could participate in NSCLC development and could be used as a potential NSCLC diagnostic biomarker (225). Li et al. reported that the circ-0075930 expression levels were significantly higher in NSCLC cell lines and tissues. Its high expression was correlated with tumor size and lymph node metastasis. circ-0075930 had an AUC-ROC of 0.756 for discriminating NSCLC from normal controls, with sensitivity and specificity of 76.2 and 72.1%, respectively (226). Lu et al. reported that the circ0001715 levels were significantly higher in lung adenocarcinoma patients versus healthy controls. Its high expression significantly correlated with TNM stage and distant metastasis. Furthermore, the ROC curve analysis showed that the AUC of circ-0001715 was 0.871. The univariate and multivariate survival analyses showed that the plasma circ 0001715 level was an independent prognostic factor for the OS (227). The ROC curve indicated that the AUC of circ FOXO3 was 0.782, and the sensitivity and specificity of diagnosing NSLCL with circRNA-FOXO3 reached 80.0 and 73.3%, respectively (228).

circRNAs have stable circular structures which make them more stable and particularly attractive as liquid biopsy biomarkers. Circ-0013958 was elevated in lung adenocarcinoma tissues, cells, and plasma. Its high expression was associated with TNM stage and lymphatic metastasis. The area under the receiver operating characteristic curve was 0.815. In addition, circ-0013958 could be a sponge of miR-134 and thus upregulated oncogenic cyclin D1. It may be a potential non-invasive biomarker for the early detection and screening of lung adenocarcinoma (174). Circ-FARSA, derived from exon 5–7 of the FARSA gene, was elevated in cancerous tissues and patients’ plasma. The elevated expression of circ-FARSA significantly promoted cell migration and invasion in NSCLC cells. Circ-FARSA could inhibit the activity of miR-330-5p and miR-326, thereby relieving their inhibitory effects on oncogene fatty acid synthase. A further analysis of the diagnostic value of plasma circ-FARSA in distinguishing NSCLC patients from non-cancer patients indicated the area under the ROC curve to be 0.71. This evidence indicated that plasma circFARSA could be a noninvasive biomarker for this NSCLC malignancy (229).

Circ-0067934 was shown to be markedly overexpressed in NSCLC tissues and cell lines. Its high expression was correlated with TNM stage, lymph node status, and distant metastasis in NSCLC patients. A higher expression of circ-0067934 results in significantly poorer survival, and the results of a multivariate Cox proportional hazard analysis indicated that circ-0067934 was an independent poor prognostic factor for patients with NSCLC. The depletion of circ-0067934 significantly suppressed NSCLC cell proliferation, migration, and invasion (178). Circ 100876 has been reported to be significantly elevated in NSCLC tissues than their adjacent nontumorous tissues. Its high expression correlated with lymph node metastasis, tumor stage, and poor overall survival in NSCLC. It might serve as a potential prognostic biomarker for NSCLC (230). It was suggested that circ-FOXM1 is highly expressed in NSCLC tissues and closely correlated with lymph node invasion, higher TNM stage, and unfavorable prognosis (162). The depletion of circ FOXM1 significantly restrains the growth, migration, and invasion of NSCLC cells. A further study has shown that Circ FOXM1 upregulated the expression of PPDPF and MACC1 via inhibiting the activity of miR-1304-5p (162). The above-mentioned examples demonstrated that some circRNAs could be promising biomarkers for the diagnosis and prognosis of lung cancer.

Lin et al. have shown that circ PRKCI was overexpressed in lung adenocarcinoma tissues and promoted the proliferation and tumorigenesis of lung adenocarcinoma. This group established a nude mouse xenograft model. Compared with the siRNA-transfected cell-derived tumors, the si-circPRKCI-transfected cell-derived tumors were smaller and lighter in weight (231). The therapeutic potential of circPRKCI was evaluated via an intratumoral injection of cholesterol-conjugated si-circPRKCI and control siRNA in patient-derived tumor xenografts (PDTX). The results indicated that si-circPRKCI significantly inhibited the growth of PDTX in vivo, suggesting that circPRKCI may be a promising therapeutic target for LUAC (231).



Conclusion and future direction

With the rapid development of high-throughput sequencing technologies and bioinformatics approaches, increasing evidence have uncovered that circRNAs play an important role in several human physiological and pathological processes, such as adipogenesis (43), lung inflammation (232), brain development (233), repair of ischemic muscle injury (234), mitochondrial metabolism (46), and cancer progression (235). Lung cancer is the leading form of cancer in terms of both morbidity and mortality. Due to the lack of effective diagnostic markers, many lung cancer patients are approaching the advanced stage. Recently, with the widespread use of computed tomography and magnetic resonance imaging, incidental renal masses are increasingly being detected. However, there is an urgent need for specific biomarkers to allow for the early identification of postoperative lung cancer recurrence and metastasis. Screening and early diagnosis of lung cancer are critical for improving the treatment efficacy and reducing the mortality of patients with lung cancer and have been identified as a research priority. As a novel noncoding RNA, circRNA influences the initiation and progression of lung cancer through participation in diverse processes of lung cancer pathogenesis, including proliferation, migration, invasion, apoptosis, cell cycle, stemness of lung cancer stem cell, tumor metabolism of lung cancer, radiotherapy, and chemotherapy resistance. All of these findings suggest that circRNAs play pivotal roles in the pathological progression of cancer and may be useful as cancer biomarkers. circRNAs can be easily detected from a wide range of biological samples due to their high stability and specificity, representing as ideal diagnostic and prognostic biomarkers in lung cancer.

Previously identified lung CSC subsets have been shown to confer resistance to conventional chemotherapeutics, biological molecules, targeted therapies, and radiotherapy used in the current management of lung cancer. Specific targeting of cancer stem cells in combination with first-line chemotherapeutic agents holds great promise as a strategy to overcome chemoresistance, tumor relapse, and metastasis. A number of CSC markers have been identified and studied. These include ALDH1, ABCG2, CD44, CD133, NANOG, and SRY-box transcription factor 2 (SOX2), all of which have been linked to chemoresistance in a number of first line anti-cancer therapies—for example, axitinib is an oral, potent, small molecule ATP-competitive multitarget tyrosine kinase inhibitor. It inhibits the CSC marker ABCG2. Axitinib has also been shown to reverse multidrug resistance via ABCG2 inhibition both in vitro and in vivo. The axitinib–doxorubicin combination treatment promoted the intracellular accumulation of doxorubicin within the side population of CSC cells and significantly enhanced the cytotoxic effects of doxorubicin (236). In addition, a recent finding by our group was that, under normoxic conditions, YTHDF1 is highly expressed in non-small-cell lung cancer cancerous tissues and cell lines to promote cell proliferation via increasing cell-cycle-related factor expression. However, under hypoxic conditions or stressful chemotherapy conditions, YTHDF1 is downregulated, which leads to reduced Keap1 mRNA translational efficiency and Nrf2 protein stabilization (5).

With the deepening research on circRNAs, it is very important to choose appropriate and efficient database and analysis software for the precise analysis of circRNAs. We will also summarize recently developed database that have been developed to provide tremendous valuable information. CircBase mainly collect circRNA information of multiple species, including human, mouse, Caenorhabditis elegans, D. melanogaster, Latimeria chalumnae, and coelacanth (237). DeepBase, a database that integrate all public deep-sequencing data, provides an integrative evaluation of miRBase-annotated miRNA genes and other known ncRNAs and explores the expression patterns of miRNAs and other ncRNAs (238). CircNet database provides the following information related to circRNAs: novel circRNAs, integrated miRNA–target networks, expression profiles of circRNA isoforms, genomic annotations of circRNA isoforms, and sequences of circRNA isoforms. In addition, the CircNet database that provides tissue-specific circRNA expression profiles and circRNA–miRNAgene regulatory networks illustrates the regulation between circRNAs, miRNAs, and genes (239). circRNADb contains human circular RNAs with protein-coding annotations. The detailed information of the circRNA included genomic information, exon splicing, genome sequence, IRES, open reading frame (240). CircInteractome database is used for mapping RBP- and miRNA-binding sites on human circRNAs. circInteractome also carried out the following functions: identify potential circRNAs which can act as RBP sponges, design junction-spanning primers for the specific detection of circRNAs of interest, design siRNAs for circRNA silencing, and identify potential IRES (241). CSCD is a database for cancer-specific circular RNAs. It includes the following information: the microRNA response element sites and RNA-binding protein sites for each circRNA, the predicted potential open reading frames of circRNAs, and the splicing events in the linear transcripts of each circRNA (242). CIRCpedia v2 is a database for comprehensive circRNAs with expression features in various cell types/tissues, including disease samples. It also can perform a conservation analysis of circRNAs between humans and mice (243). TSCD is for Tissue-Specific CircRNA Database, containing information about tissue-specific circRNAs in human and mouse (244). ExoRBase is a database of circRNA, lncRNA, and mRNA derived from RNA-seq data analyses of human blood exosomes (245). circRNA Disease is a database that provides a user-friendly interface for searching disease-associated circRNAs (246). CircVAR is a database used to collect SNPs and small insertions and deletions in putative circRNA regions and to identify their potential phenotypic information (247). TransCirc is a specialized database that provides comprehensive evidences supporting the translation potential of circular RNAs (248). Circ2GO is a database that contains information on circRNAs and their function, processes, and miRNA targets (249). Although the listed databases have different advantages, there are still many problems, such as prediction overlap, lack of a unified identification standard, the results predicted by different databases that vary greatly, and the lack of a uniform identification standard. Therefore, when using these informatics methods, it is necessary to set specific conditions and improve the certainty of the data.

Exosomes can mediate cell-to-cell communication in both physiologic and pathologic processes. Exosomes contain RNAs, proteins, and lipids, all of which affect exosome functions and reflect cell characteristics. The major nucleic acids of exosomes are RNAs that contain microRNA (miRNA), tRNA, and long noncoding RNA (lncRNA) as well as circRNAs (250). Exosomes can serve as a novel cellular communication bond by transferring their contents to target cells in a lung cancer microenvironment, thereby regulating lung cancer cell progression (251)—for example, under hypoxic conditions, miR-23a was significantly increased in exosomes from lung cancer cells, and exosomes transferred miR-23a to endothelial cells. miR-23a directly inhibited its target prolyl hydroxylase 1 and 2 (PHD1 and 2) expression, resulting in the accumulation of hypoxia-inducible factor-1α in endothelial cells. Consequently, exosomes derived from hypoxic lung cancer cells increased endothelial permeability and cancer cell transendothelial migration in vitro and enhanced neovascularization and tumor growth in vivo (252). In addition, tumor-derived exosomes carry immunosuppressive molecules, transfer these cargos to immune cells, and directly or indirectly suppress the functions of immune cells, thereby promoting tumor progression (253). circRNAs can be packaged into exosomes and transferred to receptor cells, further impacting the development of diseases. A recent study by Zhang N et al. reported that circSATB2 was highly expressed in NSCLC cancer exosomes, which can promote the proliferation, migration, and invasion of NLCSC cells. Exosomes which contained circ SATB2 can be taken up by NLCSC cells to participate in cell–cell communication, further affecting the progression of NSCLC cells and the proliferation of normal bronchial epithelial cells. Moreover, exosomal circSATB2 expression was related to lung cancer lymphatic metastasis. These results indicate that exosomal circSATB2 has the potential to act as a blood detection index for the diagnosis of lung cancer and lung cancer metastasis with high sensitivity and specificity (124). Similarly, it has also been reported that circRNA 002178 from the exosomes of plasma from LUAC patients was highly expressed in LUAC tissues and LUAC cancer cells. Functional studies have demonstrated that circRNA-002178 could enhance PDL1 expression via sponging miR-34 in cancer cells to induce T cell exhaustion. Interestingly, the area under the curve (AUCs) of circRNA-002178 was 0.9956, which was higher in the exosomes derived from cancer cells than the exosomes derived from normal human bronchial epithelial cells, and could serve as a novel diagnosis biomarker for lung cancer (125).

TME is the product of the crosstalk between different cell types and plays a crucial role in the progression, metastasis, and therapeutic treatment of cancer (211). The TME in both primary and secondary lung tumors is recognized as a target-rich environment for the development of novel anticancer agents. It has been reported that circRNA could modulate immune responses in the tumor microenvironment of lung cancer and be involved in lung cancer progression—for instance, ciRS-7 interacts with miR-7 to modulate the expression of NF-κB, modulating the activities of immune cells and affecting the development of lung cancer (214, 215). Mechanistic insights into the tumor-reprogrammed microenvironmental landscape in lung cancer together with the development of drugs that specifically inhibit the components of the landscape have ushered in a new era of cancer medicine.

Although there are many studies that have reported the biological function of RNA in lung cancer, there are still many problems surrounding circRNAs that remain to be clarified. First, the mechanism of expression and localization of circRNA is still unclear. Second, many new technologies, such as antisense oligonucleotide and CRISPR/Cas9-mediated knockout could be used to interfere the endogenous function of circRNA that promote cancer progression. Exosomes can transfer biologically active molecules between lung cancer cells and their microenvironment, but the mechanisms of exosome-related circRNA involved in lung cancer progression need to be illuminated. Finally, as circRNAs are stable and have unique structural conformations, additional investigations are still required to decipher the complex molecular mechanism so that circRNA could be implemented clinically through translational medicine, especially in the case of a disease such as lung cancer.
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Background

There is a paucity of data published on the clinicopathological features and prognosis of stage IV non-small cell lung cancer (NSCLC) patients aged ≤45 years. Herein, we evaluated a large clinical series in an effort to provide a clearer picture of this population.



Methods

The least absolute shrinkage and selection operator (LASSO)-penalized Cox regression model was performed to identify prognostic factors for NSCLC among individuals aged ≤45 years. The Kaplan–Meier method with log-rank test was used to compare overall survival (OS) differences between groups. Competing risk analysis with the Fine–Gray test was used to analyze cancer-specific survival (CSS) differences. Propensity score matching (PSM) was used to minimize selection bias.



Results

Incidence-rate analyses, including 588,680 NSCLC cases (stage IV, 233,881; age ≤ 45 years stage IV, 5,483; and age > 45 years stage IV, 228,398) from 2004 to 2015, showed that the incidence of stage IV NSCLC among young individuals decreased over the years. In comparative analyses of clinical features and survival outcomes, a total of 48,607 eligible stage IV cases (age ≤ 45 years stage IV, 1,390; age > 45 years stage IV, 47,217) were included. The results showed that although patients in the young cohort were more likely to be diagnosed at advanced stages, they were also more likely to receive aggressive treatments. In addition, the survival rates of the young patients were superior to those of the older patients both before and after PSM.



Conclusions

Stage IV NSCLC patients aged ≤45 years comprise a relatively small but special NSCLC subgroup. Although this population had better survival outcomes than older patients, these patients deserve more attention due to their young age and the significant socioeconomic implications.
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Introduction

Lung cancer is a serious global pandemic (1, 2). Non-small cell lung cancer (NSCLC) accounts for approximately 85% of all lung cancer cases. Approximately 40% of NSCLC patients are initially diagnosed at stage IV (3). Because the median age at diagnosis is 70 years (4), NSCLC is often regarded as a disease among older people. However, over the past few decades, the incidence of NSCLC in young individuals has been increasing gradually (5–7). Given the substantial societal and economic effects of NSCLC, more in-depth investigations are needed to examine this disease among young patients (8).

Previous clinical series demonstrated that young NSCLC patients are more likely to be female, to be non-smokers, to have adenocarcinoma (ADC) subtypes, and to have advanced-stage diseases than older NSCLC patients (4, 5, 9–16). Furthermore, the survival rate of young patients is inferior to that of older patients (9–11, 13). However, these studies focused on the entire entity of young NSCLC patients, and no literature is available about the clinicopathological features and prognosis of young stage IV NSCLC patients.

Given the paucity of related studies, we sought to better understand stage IV NSCLC among young patients (age ≤ 45 years) by analyzing the data deposited in the Surveillance, Epidemiology, and End Results (SEER) Program with the purpose of sketching an outline of this population.



Materials and methods


Included subjects

To analyze the incidence rate, lung cancer patients from 2004 to 2015 were extracted from the SEER database (https://seer.cancer.gov/). The inclusion criterion was a diagnosis of lung malignancy. The exclusion criteria were 1) lung tumors other than NSCLC and 2) stage I–III diseases (the 8th edition of the tumor–node–metastasis [TNM] staging system (17)). The flowchart of patient selection is shown in Figure 1.




Figure 1 | Flowcharts of patient selection. The detailed selection process of stage IV NSCLC patients from 2004 to 2015 for incidence-rate analysis (top) and the detailed selection process of stage IV NSCLC patients from 2010 to 2015 for presentations and survival outcomes analysis (bottom). NSCLC, non-small cell lung cancer; SCLC, small cell lung cancer.



To analyze clinicopathological features and survival outcomes, lung cancer patients from 2010 to 2015 were extracted from the SEER database. The inclusion criteria were as follows: 1) pathologically diagnosed as NSCLC and 2) stage IV diseases. The exclusion criteria were as follows: 1) unavailable TNM stage information, 2) unavailable survival information, 3) previous other cancers, and (4) age < 18 years. The eligible stage IV NSCLC patients were categorized into two groups: stage IV NSCLC aged ≤45 years and stage IV NSCLC aged >45 years. The corresponding flowchart of patient selection is shown in Figure 1.

Stage IV patients from 2004 to 2015 were included in the incidence-rate analysis because of the large number of cases, which could lead to a more reliable conclusion. Patients from 2010 to 2015 were included in the clinical characteristics and survival outcomes analysis because only the information about specific metastasis sites was available for the patients in this period, which is an important prognostic factor for metastatic NSCLC patients.



Ethics

We obtained permission to access the SEER dataset (reference number 12962-Nov2019) using SEER*Stat software version 8.3.4. The study was conducted in accordance with the Declaration of Helsinki. The Ethics Board of Peking University People’s Hospital approved this study. This was an open database study, and only non-identifiable information was used. Therefore, this study was dispensed with acquiring signed informed consent forms and ethical approval.



Data collection

This work was supported by the NationalNatural Science funds (grant number82173386).The following anonymized data, including age (continue), sex (male and female), ethnicity (Caucasian, African, and other), marital status (married and other), tumor location (upper lobe [UL], middle lobe [ML], low lobe [LL], and other), surgery (no and yes), chemotherapy (no and yes), radiotherapy (no and yes), grade (well differentiated, moderately differentiated, poorly differentiated, undifferentiated, and unknown), TNM stage (stage IVA, stage IVB, and stage IV), T category (T1, T2, T3, and T4), N category (N0, N1, N2, and N3), M category (M1a, M1b, M1c, and M1), bone metastasis (no and yes), brain metastasis (no and yes), liver metastasis (no and yes), intrapulmonary metastasis (no and yes), cause of death, patient status, and survival time, were retrieved. The current 8th edition of the TNM staging system (17) was used in this study.



Follow-up

The primary endpoints were overall survival (OS) and cancer-specific survival (CSS). OS was calculated as the time interval from the date of initial diagnosis to the date of death or the date of the last follow-up evaluation. CSS was calculated as the time interval from the date of initial diagnosis to the date of death attributed to NSCLC or the date of the last follow-up evaluation. The survival information, including survival time, survival status, and cause of death, is available in the SEER database. NSCLC patients with an exact survival status and survival time were included, and those with a survival time = 0 months were excluded from this study. The median follow-up time of the entire stage IV cohort, age ≤ 45 years stage IV cohort, and age > 45 years stage IV cohort were 6 months (range, 1–83 months), 12 months (range, 1–83 months), and 6 months (range, 1–83 months), respectively.



Statistical analysis

R version 3.5.2 (The R Foundation for Statistical Computing, Vienna, Austria; http://www.r-project.org) and IBM SPSS Statistics (version 25.0, IBM Corp, Armonk, NY, USA) were applied to the statistical analysis. The Kaplan–Meier method with log-rank test was used to compare OS differences between groups. Competing risk analysis with the Fine–Gray test (18) was used to compare CSS differences between groups. One-to-two propensity score matching (PSM) (19) between the age ≤ 45 years cohort and the age > 45 years cohort was carried out to minimize bias. The nearest-neighbor matching method with a caliper distance of 0.0001 was used in the PSM algorithm. The variables, including sex, surgery, chemotherapy, radiotherapy, histology, grade, TNM stage, T category, N category, M category, bone metastasis, brain metastasis, liver metastasis, and intrapulmonary metastasis, were included in the PSM algorithm. The variables, including age, sex, ethnicity, marital status, tumor location, surgery, chemotherapy, radiotherapy, histology, grade, TNM stage, T category, N category, M category, bone metastasis, brain metastasis, liver metastasis, and intrapulmonary metastasis, were included in the least absolute shrinkage and selection operator (LASSO) regression model (20), which minimizes the risk of overfitting and further selects the potential prognostic factors. The selected variables were then included in a stepwise multivariable Cox regression analysis to determine the final independent prognostic factors. Statistically significant factors selected from the LASSO-penalized multivariable Cox analysis were used to develop a nomogram (21). The C-index (22) and the receiver operating characteristic (ROC) curves with an area under the curve (AUC) were used to evaluate the performances of the models. Categorical variables were expressed as numbers and percentages and were compared between groups using Pearson’s χ2 test. A two-sided p < 0.05 was considered statistically significant.




Results


Incidence-rate analysis

This work was supported by the NationalNatural Science funds (grant number82173386).From 2004 to 2015, 666,689 cases of lung malignancies were retrospectively reviewed. After the inclusion and exclusion criteria were applied, 233,881 eligible stage IV NSCLC cases (age ≤ 45 years, 5,483 cases; age > 45 years, 228,398 cases) were selected. In the entire cohort, the crude incidence of stage IV diseases was stable between 2004 and 2009 (approximately 40.00%). However, it increased by approximately 6.00% between 2010 and 2015 (Figure 2A). Considering the incidence of age ≤ 45 years stage IV NSCLC, a decreasing tendency was observed between 2004 and 2015 (1.33% in 2004 and 0.79% in 2015; Figure 2B). In stage IV NSCLC cohort, the incidence of age ≤ 45 years still had an uninterrupted decrease during this period (3.41% in 2004 and 1.73% in 2015; Figure 2C).




Figure 2 | Line charts of the incidence of stage IV NSCLC patients from 2004 to 2015. The incidence-rate analyses of stage IV NSCLC patients in the entire cohort (A). The incidence-rate analyses of stage IV NSCLC patients aged ≤45 years in the entire cohort (B); and the incidence-rate analyses of stage IV NSCLC patients aged ≤45 years in the stage IV NSCLC cohort. (C) NSCLC, non-small cell lung cancer.





Patient characteristics

From 2010 to 2015, the data of 360,702 lung malignancy cases were reviewed. A total of 48,607 eligible stage IV NSCLC cases (age ≤ 45 years, 1,390 cases; age > 45 years, 47,217 cases) were selected. The clinicopathological features are listed in Table 1. Regarding the age ≤ 45 years in stage IV NSCLC patients, there was no sex difference (male vs. female = 48.8% vs. 51.2%). The majority of patients were Caucasian (67.9%). Only a small proportion of patients underwent surgery (9.1%) and radiotherapy (21.7%). Most patients underwent chemotherapy (81.5%). ADC was the predominant histological subtype (66.6%). Over half of the cases were diagnosed as stage IVA disease (53.5%). Most of the cases had local/distant lymph node metastasis (N2 category, 46.0%; N3 category, 27.0%). Regarding the metastatic sites, 43.9% of the patients had bone metastasis, 38.6% had brain metastasis, 19.0% had liver metastasis, and 31.3% had intrapulmonary metastasis.


Table 1 | Baseline features of stage IV NSCLC patients ≤45 years and those >45 years before and after PSM.



Before PSM, when compared with the age > 45 years stage IV NSCLC cohort, there were more men in the age ≤ 45 years stage IV NSCLC cohort (p < 0.001). In addition, more patients received surgery, chemotherapy, and radiotherapy in the age ≤ 45 years stage IV NSCLC cohort (surgery, 9.1% vs. 4.4%, p < 0.001; chemotherapy, 81.5% vs. 61.0%, p < 0.001; radiotherapy, 21.7% vs. 11.8%, p < 0.001). More patients in the age > 45 years stage IV NSCLC cohort suffered from intrathoracic metastasis (62.1% vs. 53.5%, p < 0.001). However, they were unlikely to have lymph node metastasis (p < 0.001). After PSM, there were 1,320 and 2,589 cases in the young and older patient groups, respectively. The covariates between these two groups were well-balanced (Table 1).



Least absolute shrinkage and selection operator-penalized Cox regression analysis and nomogram

To examine OS, 14 variables, including age, sex, ethnicity, marital status, tumor location, surgery, chemotherapy, histology, grade, T category, N category, M category, bone metastasis, and liver metastasis, were selected using the LASSO model (Figures S1A, B). In further analyses, the multivariable Cox regression analysis confirmed that age, ethnicity, surgery, chemotherapy, histology, grade, T category, N category, M category, and bone metastasis were independent prognostic factors (Table 2). The corresponding nomogram was developed (Figure S2A). The C-index of this nomogram was 0.67 (95% CI: 0.65–0.69). The AUC of the nomogram was 0.69 (Figure S3A).


Table 2 | LASSO-penalized multivariable Cox analysis of the stage IV NSCLC patients ≤45 years.



To examine CSS, 15 variables, including age, sex, ethnicity, marital status, tumor location, surgery, chemotherapy, radiotherapy, histology, grade, T category, N category, M category, bone metastasis, and liver metastasis, were selected using the LASSO model (Figures S1C, D). The multivariable Cox regression analysis confirmed that age, ethnicity, surgery, chemotherapy, grade, T category, N category, and M category were independent prognostic factors (Table 2). The corresponding nomogram was established (Figure S2B). The C-index of this nomogram was 0.66 (95% CI: 0.64–0.68). The AUC of the nomogram was 0.67 (Figure S3B).



Survival analysis

Before PSM, survival analysis showed that stage IV NSCLC patients ≤45 years had better OS than patients >45 years (3-year OS rate, 20.3% vs. 9.8%, p < 0.001; Figure 3A). In the matched cohort, the OS rate of stage IV NSCLC patients ≤45 years was still superior to that of stage IV NSCLC patients >45 years (3-year OS rate, 20.3% vs. 14.6%, p < 0.001; Figure 3B).




Figure 3 | Survival comparisons between stage IV NSCLC patients aged ≤45 years and stage IV NSCLC patients aged >45 years. Kaplan−Meier survival curve comparison before PSM (A). Kaplan−Meier survival curve comparison after PSM (B). Competing risk analyses before PSM (C) and competing risk analyses after PSM (D). NSCLC, non-small cell lung cancer; PSM, propensity score matching.



Regarding CSS, before PSM, the 3-year cancer-specific cumulative mortality rate of stage IV NSCLC patients ≤45 years was lower than that of stage IV NSCLC patients >45 years (74.8% vs. 84.6%, p < 0.001; Figure 3C). After PSM, stage IV NSCLC patients ≤45 years still had better CSS than stage IV NSCLC patients >45 years (3-year cancer-specific cumulative mortality rate, 74.9% vs. 80.9%, p < 0.001; Figure 3D).




Discussion

This large population-based study was the first to investigate the incidence, presentations, and survival outcomes of stage IV NSCLC among young patients. The findings of this study can be summarized as follows. The incidence of stage IV NSCLC patients ≤45 years has declined over the years. Stage IV NSCLC patients ≤45 years were more likely to be diagnosed at an advanced stage, but they were also more likely to receive aggressive treatments. Multivariable Cox analyses revealed that receiving surgery and chemotherapy were important prognostic factors. Survival analyses showed that the survival of younger stage IV NSCLC patients was superior to that of the older patients. Our study focused on a special subset of stage IV NSCLC patients, which may provide comprehensive knowledge of this population.

There are conflicting data about the incidence of NSCLC among young individuals. Several studies have demonstrated that the incidence rate has been increasing gradually (5–7). Another study revealed that the incidence decreased from 1978 to 2010 (15). However, there are no studies that specifically investigated the incidence of stage IV NSCLC among young individuals. Our results showed a decreasing incidence of stage IV NSCLC among young individuals ≤ 45 years between 2004 and 2015. In our view, the reduced incidence might be attributed to economic development and improved living standards. Over the past few decades, poverty and geographical restraint have prevented some NSCLC patients from receiving standard cancer care services (9). Therefore, many NSCLC patients are diagnosed at advanced stages on initial examinations. With the advancement of diagnostic and treatment modalities, many patients are well managed with surgery and other novel efficient therapies in the early stage. In addition, less indoor air pollution and less exposure to coal dust might be partially responsible for the decline in incidence.

Consistent with previous studies (4, 5, 9–12, 14–16, 23), we also found that more young NSCLC patients were diagnosed with the ADC histology subtype. A possible explanation might be related to smoking: it is known that smoking is considered an important carcinogenesis factor for SCC (24, 25), and young patients are unlikely to be smokers (9, 13, 23). Therefore, the ADC histology subtype dominated in this population. No sex differences were observed in our study, which was similar to several other studies (4, 9, 23). Our study showed that when compared with the older cohort, younger patients were more likely to be diagnosed at advanced stages and receive aggressive treatments. This result was also confirmed by Arnold et al. (26), who demonstrated that young patients were administered more aggressive therapies than older patients at each TNM stage. Better performance status and a stronger desire to live may explain this difference.

Controversy exists with regard to the survival differences between younger and older stage IV NSCLC patients. A study by Vashistha et al. demonstrated that the survival of young NSCLC patients is similar to that of older NSCLC patients in India (9). This was also confirmed in a study by Mauri et al. (14). However, Bratova et al. (10) and Bryant et al. (13) suggested that young NSCLC patients have worse survival rates than older NSCLC patients. Our study showed that the survival of stage IV NSCLC patients ≤45 years was superior to that of stage IV NSCLC patients >45 years. Similar findings were also observed in the studies by Arnold et al. (26) and Subramanian et al. (12). One potential reason for this difference was that young patients were more likely to undergo surgery and chemotherapy than older patients. Previous clinical series suggested that surgical resection could prolong stage IV patient survival (27–32). Our nomograms also confirmed that surgery was the strongest predictor of favorable outcomes, followed by chemotherapy and the T category. Therefore, it is reasonable to observe that young patients had better survival outcomes than older patients. Additionally, a better performance status might bring survival benefits to young patients. Herein, we proposed that a multidisciplinary collaborative treatment modality, including surgery, might be the preferred option for these patients with advanced diseases.

Our study had several limitations. First, we could not evaluate the influence of performance status, smoking history, comorbidities, timing, dosage and regimens of treatments, and treatment-related side effects because they were not recorded in the SEER database. It is likely that with increasing age, more comorbidities and worse performance status might hinder older patients from receiving more aggressive treatments. Second, in the era of targeted therapy and immunotherapy, older stage IV NSCLC patients could gain more survival benefit from novel efficient therapies. However, genetic features such as epidermal growth factor receptor mutation status, anaplastic lymphoma kinase mutation status, programmed death ligand 1 expression level, and tumor mutation burden were not recorded in the database. Further efforts on broader clinicopathological features such as radiomics features (33) and tumor molecular profiles (34) recruitment are also warranted. Third, external validation was lacking in this study. Therefore, our results needed to be further validated in other clinical series and should be cautiously interpreted. Finally, inevitable bias was inherent to the retrospective design of the study, although PSM was used in the study.

Taken together, the incidence of stage IV NSCLC patients aged ≤45 years declined over the years. Although patients in this cohort were more likely to be diagnosed at advanced stages, they were also more likely to receive aggressive treatments. The prognosis of the young patients was better than that of the older patients. Although the younger cohort had better survival outcomes, they deserved more attention due to their young age and the significant socioeconomic implications of disease among this group.
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Supplementary Figure 1 | Prognostic predictor selection using the LASSO regression analysis. LASSO coefficient profiles of 18 variables against the log (Lambda) sequence for OS (A) and CSS (C). Tuning parameter (Lambda) selection in the LASSO model used 10-fold cross-validation via minimum criteria for OS (B) and CSS (D). LASSO, least absolute shrinkage and selection operator; OS, overall survival; CSS, cancer specific survival.

Supplementary Figure 2 | Prognostic nomograms for OS (A) and CSS (B). OS, overall survival; CSS, cancer specific survival; ADC, adenocarcinoma; SCC, squamous cell carcinoma.

Supplementary Figure 3 | The receiver operating curves of the nomograms. (A) OS and (B) CSS. AUC, area under curve; OS, overall survival; CSS, cancer specific survival.
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Background and objective

The pathological type of non–small cell lung cancer is considered to be an important factor affecting the treatment and prognosis. The purpose of this study was to investigate the diagnostic value of spectral parameters of dual-layer spectral detector computed tomography (DLCT) in determining efficacy to distinguish adenocarcinoma (AC) and squamous cell carcinoma (SC), and their combined diagnostic efficacy was also analyzed.



Methods

This is a single-center prospective study, and we collected 70 patients with lung SC and 127 patients with lung AC confirmed by histopathological examination. Morphological parameters, plain scan CT value, biphasic enhanced CT value, and spectral parameters were calculated. The diagnostic efficiency of morphological parameters, spectral parameters, and spectral parameters combined with morphological parameters was obtained by statistical analysis.



Results

In univariate analysis, seven morphological CT features differed significantly between SC and AC: tumor location (distribution), lobulation, spicule, air bronchogram, vacuole sign, lung atelectasis and/or obstructive pneumonia, and vascular involvement (all p < 0.05). In the arterial phase and the venous phase, the spectral parameters of AC were higher than those of SC (AP-Zeff: 8.07 ± 0.23 vs. 7.85 ± 0.16; AP-ID: 1.41 ± 0.47 vs. 0.94 ± 0.28; AP-NID: 0.13 ± 0.04 vs. 0.09 ± 0.03; AP-λ: 3.42 ± 1.10 vs. 2.33 ± 0.96; VP-Zeff: 8.26 ± 0.23 vs. 7.96 ± 0.16; VP-ID: 1.18 ± 0.51 vs. 1.16 ± 0.30; VP-NID: 0.39 ± 0.13 vs. 0.29 ± 0.08; VP-λ: 4.42 ± 1.28 vs. 2.85 ± 0.72; p < 0.001). When conducting multivariate analysis combining CT features and DLCT parameters with the best diagnostic efficacy, the independent predictors of AC were distribution on peripheral (OR, 4.370; 95% CI, 1.485–12.859; p = 0.007), presence of air bronchogram (OR, 5.339; 95% CI, 1.729–16.484; p = 0.004), and presence of vacuole sign ( OR, 7.330; 95% CI, 1.030–52.184; p = 0.047). Receiver operating characteristic curves of the SC and AC showed that VP-λ had the best diagnostic performance, with an area under the curve (AUC) of 0.864 and sensitivity and specificity rates of 85.8% and 74.3%, respectively; the AUC was increased to 0.946 when morphological parameters were combined, and sensitivity and specificity rates were 89.8% and 87.1%, respectively.



Conclusion

The quantitative parameters of the DLCT spectrum are of great value in the diagnosis of SC and AC, and the combination of morphological parameters and spectral parameters is helpful to distinguish SC from AC.
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Introduction

Lung cancer is a disease that seriously affects human health. Approximately 85% of patients are non–small cell lung cancer (NSCLC), of which adenocarcinoma (AC) and squamous cell carcinoma (SC) are the most common subtypes (1, 2). Histological classification of lung cancer has been demonstrated as an independent prognostic indicator. Because there are significant differences in biological behavior, treatment strategies and prognostic evaluation between different pathological subtypes of lung cancer (3, 4), a reasonable choice of treatment strategies can reduce mortality, prolong the survival time, and improve the quality of life.

Chest CT is the preferred imaging examination for the diagnosis of lung cancer. Traditional CT can evaluate the benign and malignant lesions according to their morphological features, intensity, and lymph node metastasis. However, it is difficult to evaluate the pathological subtypes of lung cancer because of the lack of quantitative indicators. If morphological criteria did not help to distinguish benign from malignant lung lesions, then it is strongly dependent on invasive pathologic examination or follow-up studies (5). As a non-invasive and effective pathological classification method of lung cancer, energy spectrum CT has become a hot spot in clinical research. The basic structure of the new generation of spectral CT is similar to that of ordinary CT, but it has two spatially equivalent detectors: the upper layer only absorbs low-energy photons, whereas the lower layer absorbs high-energy photons. On the premise of a perfect match in time and space within the projected data domain, high-energy and low-energy data can be parsed to obtain both traditional CT images and spectral images (6, 7).

Previous studies on energy spectrum CT in SC and AC are insufficient and controversial. Fehrenbach et al. (8) considered that only normalized iodine density (NID) in the arterial phase (AP) was significant for the differential diagnosis of NSCLC. Wang et al. (9) showed that the slope of the spectral curve (λ) of 40 to 70 keV and iodine density (ID) in AP had diagnostic value in differentiating SC from AC, but the venous phase (VP) parameters were not included in the study. In contrast, Li et al. (10) showed that VP-ID can differentiate SC from AC by reflecting tumor microvessel density. Jia et al. (11) showed that AP-λ (40–100), AP-Zeff, AP-ID, and VP-ID were significant for their identification, but these data of SC were greater than that of AC. Problems, such as single-phase scanning, single spectral parameters, and the exclusion of morphological parameters, have caused a lot of controversies.

This study improves the above issues. The purpose of this study was to investigate the diagnostic value of spectral parameters of DLCT in determining efficacy to distinguish AC and SC, and their combined diagnostic efficacy was also analyzed.



Materials and methods


Patients

A prospective study was conducted in our hospital between 1 August 2020 and 31 March 2021; a total of 656 consecutive patients who were diagnosed with lung cancer, confirmed by histopathological examination, were enrolled for the present study. To ensure the reliability of the results, all patients were required to conduct DLCT scan within 7 days before treatment. Inclusion criteria were as follows: (1) patients who underwent dual-layer detector spectral CT before treatment; (2) imaging, clinical, and pathological data were complete; (3) the short diameter of the tumor was greater than 2.0 cm; (4) no clinical antineoplastic treatment was given before enrollment; (5) patients can undergo the CT scan with the breath-holding; and (6) no other cancer history. Exclusion criteria were as follows: (1) patients with hyperthyroidism were not cured; (2) history of allergy to iodine contrast medium; and (3) complication of the heart, liver, kidney, and other important organ damage. The flow diagram of the present study is shown in Figure 1.




Figure 1 | Study flowchart for the inclusion and exclusion criteria of the lung cancer patient sample.



This single-center prospective study was approved by the Hospital Institution Review Committee [no. 2020(KY-E-30)], and written informed consent was obtained from all of the participants.



CT examination

All scans were performed using the IQon Spectral CT device (Philips Healthcare). The scans included routine CT plain film and AP and VP enhancement scan of the lung. The field of vision ranges from apex to diaphragm level. The contrast agent iophorol (70 ml of iopromide; Beijing Beilu Pharmaceutical Co., Ltd.) was administered via an antecubital vein at an intended flow rate of 3.0 ml/s with a high-pressure syringe, followed by 30 ml of saline, injected at the same flow rate. Scans were performed using the bolus chase method. The region of interest (ROI) was located in the descending aorta with a trigger threshold of 150 Hu. AP was started at 6 s after contrast agent injection, and VP was performed at 36 s after contrast agent injection. Parameters included tube voltages of 120 kVp, spectral CT adaptive current, collimator width of 64 × 0.625 mm, pitch of 1.234, rotation time of 0.27 s, and matrix of 512 × 512. After the scans were completed, the data obtained in the enhanced double phases were reconstructed by projected spatial-spectral reconstruction (spectral, level 4). The image reconstruction image thickness was 1 mm, and the image spacing was 1 mm.



Imaging analysis

The images were sent to the Philips Spectral Diagnostic Suite 9.0 (Philips Healthcare) workstation, and all data were processed and analyzed by two radiologists with more than 5 years of chest CT diagnosis experience. They were blinded to any patient’s clinical data to mitigating potential cognitive biases. Three consecutive image sections containing the maximum cross section of the tumor and the adjacent upper and lower levels were chosen for measurement; the round or oval ROI was drawn as large as possible (areas close to half to two-thirds of the lesion area) to minimize the influences of noise and the partial volume effect. Two radiologists first sketched the ROI on the conventional CT enhanced and unenhanced images, and the morphological parameters (including location, diameter, margin, internal, and other features) of the tumor were evaluated. The ROI was placed on solid regions of the tumor, avoiding areas with vessels, calcification, cystic, and necrotic change. They then obtained data from other parameter images [spectral CT-mono energetic (40 and 60 keV), Z effective (Zeff) images, ID images, etc.], and copy/paste functions were used to ensure the consistency of the size, shape, and position of the ROIs. Enhancement value was defined as the difference of the CT value (AP/VP) and plain CT value according to the following formula: enhancement value (AP/VP) = CT value (AP/VP) − plain CT value. To minimize the influence of the individual circulation status and scanning times, the ID values of lung lesions were normalized to that of the aorta in the aortopulmonary window level to calculate the NID: NID = ID/IDaorta. The slope of the spectral curve was defined as the difference of the CT value at 40 and 60 keV divided by the energy difference (60 − 40) according to the following formula: λ = [CT(40) − CT(60)]/(60 − 40).



Histochemical examination

Tumor specimens were analyzed by a pathologist with 14 years of immunohistochemical staining experience. Without knowing clinical information and spectral CT results, the pathologist numbered and evaluated all sections and analyzed and recorded their pathological types. The histologic criteria used for diagnosis were in accordance with the World Health Organization Classification of Lung Tumors (12, 13).



Statistical analysis

Kappa and  Intraclass correlation coefficient (ICC) tests were used to test the consistency of the measurement results of the two radiologists, with Kappa > 0.8 or ICC > 0.7 indicating satisfaction. All parameters were finally averaged over the measurements made by the two physicians. The normal distribution of all measured data was tested by the Shapiro–Wilk test. Measurements that follow a normal distribution were expressed as mean (standard deviation). In addition, the counting data were expressed by n (%). Independent sample t-test was adopted for all measurement parameters, and the chi-square test was adopted for counting data. For parameters that were significantly different, the results of the pathological examination were used as the gold standard, receiver operating characteristic (ROC) curves were drawn, and the diagnostic efficiency of each parameter is analyzed. First, univariate analysis regression model was established to analyze the correlation between morphological parameters and SC and AC. Then, multivariate logistic regression analyses were applied to identify independent predictors of SC or AC, with the model of CT features alone and CT features combined with optimal spectral parameters; factors with p < 0.05 on univariate analysis were used as the input variables for multiple logistic regression analysis, with the final model selected with the forward selection; model I (CT morphological parameters), model II (optimal spectral parameters), model III (morphological parameters and CT enhancement value), and model IV (morphological parameters and optimal spectral parameters) were established respectively. Finally, the ROC curves of the above models are drawn, and their diagnostic efficiency is analyzed. In the case of two-tailed p-value < 0.05, the difference was considered statistically significant.

All data were analyzed using SPSS 21.0.0 (IBM Corp., Armonk, NY, USA), and graphics were drawn using GraphPad Prism version 9.0.2 (GraphPad software Inc., San Diego, USA).

We conducted an a priori power analysis to test the adequacy of our sample size to independent sample t-test using G*Power (26). We specified an alpha level of 0.05, a 1-β error probability of 0.80, and an effect size (f = 0.50) for an estimated medium effect. The results of the analysis suggested a total recommended sample size of 128. A post-hoc power analysis revealed that a sample size of 197 (lung AC : SC = 27:70) resulted in a reported power of 0.917 to detect a medium effect (f = 0.50) with an alpha level of 0.05.




Results


Patients’ information

Eleven patients with poor image quality, 45 patients with lymph nodes and/or distant metastases, 32 patients with focal necrosis greater than one-half of the maximum cross-sectional area, and 60 patients without pathological findings or with previous treatment were excluded. Finally, a total of 197 patients met the inclusion criteria, including 70 patients with SC (male patients, 91.4%) and 127 patients with AC patients (male patients, 52.8%). The clinical data are shown in Table 1.


Table 1 | Patient characteristics.





CT characteristics of the SC and AC

Univariate analysis revealed that seven CT features differed significantly between SC and AC in Table 2: tumor location (distribution), lobulation, spicule, air bronchogram, vacuole sign, lung atelectasis and/or obstructive pneumonia, and vascular involvement (all p < 0.05). AC was more frequently found in the periphery, and the lobulation, spicule, air bronchogram, and vacuole sign were more likely to be observed among AC. Tumors with lung atelectasis and/or obstructive pneumonia and vascular involvement were more likely to be observed among SC. When it came to other CT features, no significant differences were noted between AC and SC. Table 3 shows the traditional CT quantitative parameters, and there was no significant difference in CT values during plain scan. AP-CT value of AC was higher than that of SC, and AP-enhancement value of AC was higher than that of SC. The VP-CT value of AC was higher than that of SC, and the VP-enhancement value of AC was higher than that of SC.


Table 2 | Morphological parameters in patients with AC and SC.




Table 3 | Conventional CT enhancement values and spectral parameters in patients with AC and SC.





CT spectral quantitative parameters of the SC and AC

As shown in Table 3, all CT spectral parameters in the AC group in both the arterial and venous phases were higher than in the SC group (P<0.001).



Diagnostic implication

Because spectral quantitative parameters have statistically significant differences between SC and AC in the AP and the VP, diagnostic capacity was assessed using ROC curves in Table 4 and Figure 2. The spectral parameters in VP are generally better than those in AP in differentiating SC from AC. The VP-λ has the best diagnostic efficacy, with AUC = 0.864, 95% CI = 0.813~0.915, sensitivity = 85.8%, and specificity = 74.3%.


Table 4 | Performance of differential parameters in distinguishing the AC and SC in the receiver operating characteristic analysis.






Figure 2 | ROC curves for dual-layer spectral detector CT quantitative parameters between squamous cell carcinoma and adenocarcinoma in the arterial phase (A) and the venous phase (B). In the arterial phase (A), the ID has the best diagnostic efficiency; AUC, 0.811; sensitivity and specificity, 71.7% and 82.9%, respectively; in the venous phase (B), the λ has the best diagnostic efficiency; AUC, 0.864; sensitivity and specificity, 85.8% and 74.3%, respectively. AP, arterial phase; VP, venous phase; Zeff, effective atomic number; ID, iodine density; NID, normalized iodine density; λ, slope of 40- to 60-keV spectral curve.





Multivariable analysis and joint diagnostic efficiency

In multivariate analysis, after adjusting for other confounding factors, models of distribution, air bronchus, vacuole sign, and VP-λ are associated with AC (Figure 3).




Figure 3 | Forest plot of multivariable regression analysis of dual-layer spectral detector CT metrics combined with CT features predicting adenocarcinoma from squamous cell carcinoma.



As shown in Table 5 and Figure 4, ROC curve analysis in diagnosing of the AC and SC using morphological parameters, optimum spectral parameter (VP-λ), combining morphological parameters with CT value, and combining morphological parameters with spectral parameters in the VP. When morphological parameters were combined with VP-λ, the diagnostic efficiency is the highest, with AUC = 0.946, 95% CI = 0.917–0.975, sensitivity = 89.8%, and specificity = 87.1%.


Table 5 | Different models in distinguishing the AC and SC in the receiver operating characteristic analysis.






Figure 4 | The quantitative parameters of different models were used to identify the lung adenocarcinoma from squamous cell carcinoma. The combination of morphology and λ in the venous phase has the greatest diagnostic efficiency; AUC, 0.946; sensitivity and specificity, 89.8% and 87.1%, respectively. Model I, morphological parameters; Model II;, λ in the venous phase; Model III, combination of morphology and CT value in the venous phase; Model IV, combination of morphology and λ in the venous phase.



Figure 5 shows the imaging and pathological images.




Figure 5 | (1) CT images and the pathological section of a 58-year-old man with squamous cell carcinoma in the venous phase (A–D) and a 63-year-old man with adenocarcinoma in the venous phase (a–d). Iodine density images (A, a); Z-effective images (B, b); the dashed box point to lung cancer tissue. Magnification: C, ×600; slope of spectral curve in the arterial phase; the horizontal axis represents the energy (keV), and the vertical axis represents mean attenuation (Hu) (D, d). λ = 1.72, ID = 0.70, NID = 0.19, and Zeff = 7.71 for squamous cell carcinoma, and λ = 3.91, ID = 1.59, NID = 0.31, and Zeff = 8.19 for adenocarcinoma. Significant differences were observed in all parameters representing these cases.





Reliability of measurements

For all the given parameters, the Kappa and ICC tests found that the measurement results were found to be consistent between the two radiologists (p > 0.05).




Discussion

Our results showed that the spectral parameters of the VP have a higher diagnostic value in differentiating SC from AC than those of the AP. Morphological parameters also have important diagnostic value, in which distribution, air bronchus, and vacuole sign are associated with AC. The joint diagnosis efficacy is higher than that of single index, and the joint diagnosis of spectral parameters and morphological parameters had the best efficacy. Therefore, the combined diagnosis of energy spectral parameters and morphological parameters is more effective and instructive for the pathological classification of lung cancer.

CT is widely used in the diagnosis of lung diseases. In recent years, spectral CT has become a hot spot in the study of lung cancer. However, in diagnostic studies of lung cancer (8–11), most researchers were keen to study the optimal diagnostic performance of quantitative parameters, ignoring the morphological features. Therefore, we have supplemented the study of the morphological features of tumors. Our results suggest that the morphological features of tumors can be used for histological inference of AC and SC, although some of the signs are not significant. Several previous studies have compared the clinical and imaging features of lung cancer of different pathological types. Chu et al. (14) showed that the radiologic and microscopic findings correlate well with each other and are closely associated with tumour prognosis. Understanding their morphological features is helpful for early identification and diagnosis. Wang et al. (15) have shown that AC and SC have different clinical and imaging characteristics and that imaging features are useful for differential diagnosis. Koenigkam et al. (16) found that SC more likely to occur in male patients, more frequently found in the central distribution, and less lobulation, burr, and air bronchogram. In addition, previous studies did not analyze the contrast enhancement between AC and SC, but we did a detailed analysis. We found the differences between them and verified the diagnostic value of morphological features.

Conventional CT is used to differentiate subtypes of tumors by their size, shape, and attenuation value. Although it has some advantages, the accuracy of diagnosis is still limited (11, 17). The spectral parameters provide quantitative analysis for histological diagnosis of NSCLC, and its accuracy is higher than that of conventional CT, making up for the deficiency of conventional CT. There are several reasons: i. From the perspective of histology, AC is a malignant epithelial neoplasm of glandular differentiation, in which glandular tubular and glandular luminal–like structures are common, and it contains more microvessels with abundant blood supply (18). Whereas, SC is defined as keratinized malignant epithelial tumor, which mostly grows in a stacked pattern, and its internal structure is dense, with frequent tumor nests, keratinized beads, and intercellular bridges, and the internal part is mostly accompanied by liquefactive necrosis (18, 19). ii. The degree of tumor enhancement depends only on the amount of contrast medium in the tumor vessels. The central type of lung cancer is mainly SC, mainly supplied by bronchial artery, whereas the peripheral type of lung cancer is mainly AC with dual blood supply of bronchial artery and pulmonary artery (20, 21). Because the blood supply from the bronchial artery is later than that from the pulmonary artery, the VP better reflects the blood supply of the tumor.

ID reflects intravascular blood flow distribution and vascular status by quantitative analysis of iodine content, but it is influenced by many factors, including cardiac output and blood volume of the patient, concentration and flow rate of the contrast medium, and dose and rate of injection (20). NID was defined as the ratio of tumor ID to that of the aorta or subclavian arteries at the same level, and most researchers (8, 21–23) state that NID can reduce the effect of individual circulatory variability on tumor iodine content and thus more accurately reflect the blood supply of the lesion. However, in this comparison of AC and SC, we found that ID is more effective than NID in both the AP and the VP, which is consistent with the results of the study by Li et al. (10). This suggests that NID depends on the extent of lesion and aortic enhancement, and changes in aortic ID may cause NID to deviate.

Energy spectrum curve is the curve of material decay varying with x-ray energy, which reflects the decay characteristics of material. Theoretically, each substance has its own specific spectrum curve, and the slope of the spectrum curve decreases with the expansion of its range (24). The K edge of iodine is 33.2 keV, so the lower the keV, the higher the CT value (25). From IQon, monochrome images of the 40- to 200-keV energy range can be obtained. However, not all images can be used to observe and diagnose lesions, because image quality varies at different energy levels. Low–kilo–electron volt images can improve tissue enhancement, increase tissue contrast, and make the display of small lesions clearer. Equivalent kilo–electron volt images can reduce image noise and improve image quality. This study shows that VP-λ is conducive to the differentiation of lung SC and AC. Jia et al. (9) reported that the spectral parameters of SC in the AP and the VP were larger than those of AC, and this is different from our experimental results.

Zeff is the atomic number of an element that has the same decay coefficient as a compound or mixture and can be used to identify the tissue composition of a substance, especially in substances with similar CT values. It is a quantitative indicator of different substances (11, 26). Moreover, Zeff can indirectly provide information about the accumulation of contrast media (27). Previous studies have shown that Zeff can identify substances (28, 29). In the differential diagnosis between AC and SC, Zeff in VP was greater than that in AP. This is related to the blood supply of the tumors described above, their histological characteristics, the growth pattern of the tumors, and the changes of their surrounding microenvironment.

In this study, we provide not only quantitative parameters for tumor enhancement but also qualitative parameters for morphological features. The diagnostic ability of combining morphological features with quantitative parameters, especially DLCT, has been significantly improved, which confirms the additional diagnostic value of quantitative analysis of spectral parameters. Although there are more and more studies on quantitative data, CT morphology of lung cancer remains an important indicator of cancer diagnosis. On the one hand, they are closely related to the growth characteristics of tumors and easy to collect. On the other hand, in the era of precision medicine and big data, a single spectral parameter may also be considered unreliable.

The limitations of this study are as follows: (1) because of the small sample size, this study failed to stratify the degree of differentiation of tumors; (2) unenhanced spectral parameters were not included in the study; (3) not all pathological sections were matched with imaging ROI; and (4) some patients’ unenhanced images were replaced by virtual unenhanced images, which may affect our results.

In summary, the combination of morphological features and DLCT spectral parameters improved the diagnostic efficiency in distinguishing SC from AC. This may help clinicians develop initial treatment strategy and prognostic predictions. Although relatively accurate pathological diagnosis can be obtained by invasive methods, complications or patient intolerance still exist.
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Variables® BMI<28 BMI>28 SDM P Value
(n = 204) (n = 204)
Age, years 69.0 + 3.4 69.4 + 3.8 0.100 0.282
Sex 0.069 0.484
Male sex 84 (41.2) 91 (44.6)
Female sex 120 (58.8) 113 (55.4)
ASA classification 0.022 0.857
| 4(2.0) 5(2.5)
Il 160 (78.4) 156 (76.5)
v 40 (19.6) 43 (21.1)
Comorbidity
Hypertension 17 (8.3) 28(137) 0072  0.082
Diabetes meliitus 19 (9.3 18(8.8) 0.017 0.863
Coronary artery disease 3(1.5) 3(1.5) <0.001 1.000
Stroke/TIA 0(0) 2(1.0 0.014 0.499
FEV:/FVC, % 1048 +£87 1045+79 0.042 0.672
DLCO% 942+169 957+17.5 0.087 0.381
Chemoradiotherapy 0(0) 105) 0.099 1.000
Tumor size, cm 20+141 21+141 0.079 0.425
Clinical tumor stage 0.082 0.449
T1a 36 (17.6) 26 (12.7)
Tib 95 (46.6) 95 (46.6)
Tic 45 (22.1) 49 (24.0)
T2a 15 (7.4) 24(11.8)
T2b 9 (4.4) 7(3.4)
T3 4(2.0) 2(1.0)
T4 0(0) 1(05)
Advanced clinical stage (T>2) 28 (13.7) 34 (16.7) 0.082 0.408

“Continuous data are shown as mean + standard deviation and categoric data as number
(%). BMI, Body mass index (kg/m?); PSM, Propensity score matching; SMD, Standardized
mean difference; ASA, American Society of Anesthesiology; TIA, Transient cerebral
ischemic attack; FEV;, Forced expiratory volume in 1 second; FVC, Forced vital
capacity; DLCO, Diffusion capacity for carbon monoxide.
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Variables®

Lymph nodes calcification
Clinical nodal involvement
Pleural adhesions
Type of resection
Segmentectomy resection
Lobectomy resection
Thoracoscopic resection
Uni-portal
Multi-portal
Approach
VATS
RATS
Anesthesia type
GA alone
GA plus TPVB
Location of resection
Left
Left upper
Left lower
Right
Right upper
Right middle
Right lower
Ipsilateral reoperation
Operative time, mins

BMI<28
(n = 204)

17 (8.3)
16 (7.8)
14 (6.9)

28 (13.7)
176 (86.3)

16 (7.8)
188 (92.2)

196 (96.1)
8(3.9)

180 (88.2)
24 (11.8)

73 (35.8)
49 (24.0)
24.(11.8)
131 (64.2)
64 (31.3)
23 (11.3)
44 (21.6)
1(0.5)
1084 +37.8

BMI>28
(n = 204)

17 8.3)
16 (7.8)
11 (5.4)

27 (13.2)
177 (86.8)

22 (10.8)
182 (89.2)

200 (98.0)
420

171 (83.8)
33 (16.2)

74.(36.3)
54 (26.5)
20 (9.8)
130 (63.7)
68 (33.3)
20 (9.8)
42 (20.6)
0(0)
108.1 + 40.0

SMD

<0.001

<0.001
0.061
0.014

0.010

0.058

0.026

0.044

0.099
0.009

P Value

1.000
1.000
0.536
0.885

0.807

0.241

0.199

0.912

1.000
0.927

“Continuous data are shown as mean + standard deviation and categoric data as number
(%). BMI, Bodly mass index (kg/m?); PSM, Propensity score matching; SMD, Standardized
mean difference; VATS, Video-assisted thoracoscopic surgery; RATS, Robotic-assisted
thoracoscopic surgery: GA, General anesthesia; TPVB, Thoracic paravertebral blockade.
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Variables® BMI<28 (n = 204) BMI>28 (n = 204) P Value

Intraoperative complications

Hypoxemia 4(2.0) 10 (4.9) 0.103
Transfusion 0(0) 1(0.5) 1.000
New-onset arrhythmia 4(2.0) 9 (4.4 0.159
Conversion to thoracotomy 5(2.5) 3(1.5) 0.724
Postoperative complications

PPCs 74 (36.3) 79 (38.7) 0.609

Atelectasis 2(1.0 3(1.95 1.000

Pulmonary infection 73 (35.8) 78 (38.2) 0.608

Respiratory failure 0(0) 2(1.0 0.499
New-onset arrhythmia 9 (4.4 11 (5.4) 0.647
Transfusion 1(0.5) 0(0) 0.100
Length of hospital stay, day 5[4-7] 5[4-6] 0.104
30-day readmission 2(1.0 1(0.5) 1.000
Hospitalization costs, USD 10030 + 2516 9966 + 2069 0.787

“Continuous data are shown as mean + standard deviation and categoric data as number
(%); Length of hospital stay, values as median [interquartile range]. BMI, Body mass index
(kg/m?); PSM, Propensity score matching; PPCs, Postoperative pulmonary
complications; USD, United States dollar.
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Variables® BMI<28 (n = 3730) BMI228 (n = 305) P Value

Lymph nodes calcification 288 (7.7) 27 8.9 0.479
Clinical nodal involvement 255 (6.8) 24 (7.9 0.494
Pleural adhesions 130 (3.5) 15 (4.9) 0.196
Type of resection 0.168
Segmentectomy resection 667 (17.9) 45 (14.8)
Lobectomy resection 3063 (82.1) 260 (85.2)
Thoracoscopic resection 0.873
Uni-portal 328 (8.8) 26 (8.5)
Multi-portal 3402 (91.2) 279 (91.5)
Approach 0.743
VATS 3607 (96.7) 296 (97.0)
RATS 123 (3.3) 9(3.0)
Anesthesia type 0.847
GA alone 3110 (83.4) 253 (83.0)
GA plus TPVB 620 (16.6) 52 (17.0)
Location of resection 0.459
Left 1452 (38.9) 106 (34.8)
Left upper 929 (24.9) 74 (24.3)
Left lower 523 (14.0) 32 (10.5)
Right 2278 (61.1) 199 (65.2)
Right upper 1218 (32.7) 109 (35.7)
Right middle 334 (9.0) 27 (8.9)
Right lower 726 (19.5) 63 (20.7)
Ipsilateral reoperation 3(0.1) 1(0.3) 0.270
Operative time, mins 102.4 + 39.5 108.5 + 40.1 0.009°

Continuous data are shown as mean + standard deviation and categoric data as
number (%).

bStatistically significant (P < 0.05). BMI, Body mass index (kg/m?); VATS, Video-assisted
thoracoscopic surgery; RATS, Robotic-assisted thoracoscopic surgery; GA, General
anesthesia; TPVB, Thoracic paravertebral blockade.
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Variables® BMI<28 (n = 3730) BMI>28 (n =305) P Value

Intraoperative complications

Hypoxemia 46 (1.2) 12 (3.9) 0.001°
Transfusion 18 (0.5) 1(0.3 1.000
New-onset arrhythmia 86 2.9 13 (4.3 0.034°
Conversion to 91 (2.4) 6 (2.0 0.605
thoracotomy
Postoperative complications
PPCs 1309 (35.1) 118 (38.7) 0.207
Atelectasis 29 (0.8) 4(1.3) 0.310
Pulmonary infection 1293 (34.7) 117 (38.4) 0.193
Respiratory failure 14 (0.4) 2(0.7) 0.627
New-onset arrhythmia 174 (4.7) 17 (5.6) 0.472
Transfusion 51(1.4) 2(0.7) 0.325
Length of hospital stay, 5[4-6] 5[4-6] 0.669
day
30-day readmission 19 (0.5) 2(0.7) 1.000

Hospitalization costs, USD 10057 + 2655 10193 + 2250 0.434

4Continuous data are shown as mean + standard deviation and categoric data as number
(%); Length of hospital stay, values as median [interquartile range.

®Statistically significant (P < 0.05). BMI, Body mass index (kg/m?); PPCs, Postoperative
pulmonary complications; USD, United States dollar.
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OPS/images/fonc.2022.817372/table3.jpg
Number of the hidden layer AUC

Sensitivity Specificity Accuracy FPR FNR LRP LRN
5 0.737 0.776 0.697 0.713 0.303 0.224 2.565 0.321
6 0.747 0.815 0.679 0.705 0.321 0.185 2.536 0.273
7 0.748 0.837 0.660 0.691 0.340 0.163 2.460 0.247
8 0.759 0.889 0.629 0.679 0.371 0.111 2.398 0.176
9 0.759 0.906 0.613 0.669 0.387 0.094 2.339 0.154
10 0.761 0.902 0.620 0.674 0.380 0.098 2371 0.158
" 0.756 0.896 0.609 0.665 0.391 0.104 2.293 0.170

AUC, area under curve; FPR, false positive rate; FNR, false negative rate; LRP, likelihood ratio positive; LRN, likelihood ratio negative.
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Site of the organ-specific metastasis AUC Sensitivity Specificity Accuracy FPR FNR LRP LRN
Bone 0.688 0.913 0.443 0.539 0.557 0.087 1.638 0.197
Brain 0.686 0.906 0.449 0.525 0.551 0.094 1.646 0.209
Liver 0.664 0.925 0.403 0.453 0.597 0.075 1.548 0.187

AUC, area under curve; FPR, false positive rate; FNR, false negative rate; LRP, likelihood ratio positive; LRN, likelihood ratio negative.
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OPS/images/fonc.2022.817372/table1.jpg
Characteristics Total Patients with no Patients with Patients with bone Patients with brain Patients with liver

patients metastasis metastases metastasis metastasis metastasis
n=62151 n=49969 n=12182 n=3982 n=3674 n=1307
Age, year
Mean+SD 68+11 68+10 66+11 68+11 64+10 68+10
Median 68 68 66 68 64 68
(IQR 25%-75%) (61-75) (61-76) (59-74) (60-76) 67-72) 61-76)
Sex
Male 31736 24926 (49.9%) 6810 (55.9%) 2333 (58.6%) 1904 (51.8%) 724 (55.4%)
(61.1%)
Female 30415 25043 (50.1%) 5372 (44.1%) 1649 (41.4%) 1770 (48.2%) 583 (44.6%)
(48.9%)
Race
White 50589 40911 (81.9%) 9678 (79.4%) 3134 (78.7%) 2885 (78.5%) 1076 (82.3%)
(61.4%)
Blake 6855 5326 (10.7%) 1529 (12.6%) 526 (13.2%) 491 (13.4%) 169 (12.9%)
(11%)
American Indian/Alaska 291 (0.5%) 241 (0.5%) 50 (0.4%) 17 (0.4%) 18 (0.5%) 4 (0.3%)
Native
Asian or Pacific 4416 3491 (7%) 925 (7.6%) 305 (7.7%) 280 (7.6%) 58 (4.4%)
Islander (7.1%)
Marital Status
Single (never married) 8840 6834 (13.7%) 2006 (16.5%) 605 (15.2%) 700 (19.1%) 199 (156.2%)
(14.2%)
Married (including 34269 27547 (55.1%) 6722 (55.2%) 2235 (56.1%) 1941 (52.8%) 683 (52.3%)
common law) (55.1%)
Separated 726 (1.2%) 577 (1.2%) 149 (1.2%) 49 (1.2%) 43 (1.2%) 21 (1.6%)
Divorced 8267 6637 (13.3%) 1630 (13.4%) 499 (12.5%) 525 (14.3%) 179 (13.7%)
(13.3%)
Widowed 10049 8374 (16.8%) 1675 (13.7%) 594 (14.9%) 465 (12.7%) 225 (17.2%)
(16.2%)
Insurance
Uninsured 1602 1136 (2.3%) 466 (3.8%) 105 (2.6%) 178 (4.8%) 39 (3%)
(2.6%)
Insured/Medicaid 60549 48833 (97.7%) 11716 (96.2%) 3877 (97.4%) 3496 (95.2%) 1268 (97%)
(97.4%)
Primary Site
Main bronchus 2036 1388 (2.8%) 648 (5.3%) 196 (4.9%) 154 (4.2%) 1083 (7.9%)
(3.3%)
Upper lobe 37284 29918 (59.9%) 7366 (60.5%) 2437 (61.2%) 2324 (63.3%) 740 (56.6%)
(60%)
Middle lobe 3136 (5%) 2600 (5.2%) 536 (4.4%) 170 (4.3%) 158 (4.3%) 58 (4.4%)
Lower lobe 19008 15486 (31%) 3522 (28.9%) 1146 (28.8%) 1010 (27.5%) 389 (29.8%)
(30.6%)
Overlapping lesion of 687 (1.1%) 577 (1.2%) 110 (0.9%) 33 (0.8%) 28 (0.8%) 17 (1.3%)
lung
Histology
Squamous cell 17978 15782 (31.6%) 2191 (18%) 874 (21.9%) 515 (14%) 331 (25.3%)
carcinoma (28.9%)
Small cell carcinoma 3236 1807 (3.6%) 1429 (11.7%) 244 (6.1%) 339 (9.2%) 341 (26.1%)
(5.2%)
Adenocarcinoma 33086 26471 (53%) 6565 (53.9%) 2229 (56%) 2185 (59.5%) 429 (32.8%)
(63.2%)
Large cell carcinoma 1117 830 (1.7%) 287 (2.4%) 78 (2%) 101 (2.7%) 32 (2.4%)
(1.8%)
Adenosquamous 5244 3609 (7.2%) 1635 (13.4%) 532 (13.4%) 518 (14.1%) 161 (12.3%)
carcinoma (8.4%)
Sarcomatoid 183 (0.3%) 146 (0.3%) 37 (0.3%) 15 (0.4%) 12 (0.3%) 1(0.1%)
carcinoma
Carcinoid tumor 1362 1324 (2.6%) 38 (0.3%) 10 (0.3%) 4(0.1%) 12 (0.9%)
(2.2%)
Grade
Well differentiated 7619 7183 (14.4%) 436 (3.6%) 170 (4.3%) 111 (3%) 37 (2.8%)
(12.3%)
Moderately 21737 18991 (38%) 2746 (22.5%) 1072 (26.9%) 816 (22.2%) 199 (15.2%)
differentiated (35%)
Poorly diflerentiated 20483 21774 (43.6%) 7709 (63.3%) 2489 (62.5%) 2406 (65.5%) 785 (60.1%)
(47.4%)
Undifierentiated 3312 2021 (4%) 1291 (10.6%) 251 (6.3%) 341 (9.3%) 286 (21.9%)
(5.3%)
Tumor Size, mm
Mean+SD 42+25 39+24 52 51+25 52+25 53+26
Median 35 32 48 46 48 50
(IQR 25%-75%) (22-56) (20-52) (32-69) (32-67) (32-68) (33-70)
Separate Tumor Nodules
STNO 55677 47096 (94.3%) 8581 (70.4%) 2798 (70.3%) 2788 (75.9%) 945 (72.3%)
(89.6%)
STNA 2276 901 (1.8%) 1375 (11.3%) 445 (11.2%) 365 (9.9%) 145 (11.1%)
(3.7%)
STN2 2416 1187 (2.4%) 1229 (10.1%) 421 (10.6%) 312 (8.5%) 117 (9%)
(3.9%)
STN3 1782 785 (1.6%) 997 (8.2%) 318 (8%) 200 (5.7%) 100 (7.7%)
(2.9%)
Visceral Pleural Invasion
PLO 21565 20633 (41.3%) 932 (7.7%) 278 (7%) 338 (9.2%) 101 (7.7%)
(34.7%)
PL1 1758 1715 (3.4%) 43 (0.4%) 5(0.1%) 26 (0.7%) 4 (0.3%)
(2.8%)
PL2 1513 1455 (2.9%) 58 (0.5%) 15 (0.4%) 30 (0.8%) 6 (0.5%)
(2.4%)
PL3 686 (1.1%) 648 (1.3%) 38 (0.3%) 18 (0.5%) 12 (0.3%) 2(0.2%)
PLX 36629 25518 (51.1%) 11111 (91.2%) 3666 (92.1%) 3268 (88.9%) 1194 (91.4%)
(58.9%)
T-Stage
Tia 11271 10696 (21.4%) 575 (4.7%) 183 (4.6%) 214 (5.8%) 69 (5.3%)
(18.1%)
Tib 8238 7397 (14.8%) 841 (6.9%) 288 (7.2%) 267 (7.3%) 86 (6.6%)
(13.3%)
T2a 17176 14653 (29.3%) 2523 (20.7%) 832 (20.9%) 840 (22.9%) 264 (20.2%)
(27.6%)
T2b 5989 4615 (9.2%) 1374 (11.3%) 400 (10%) 485 (13.2%) 143 (10.9%)
(9.6%)
T3 9616 6763 (13.5%) 2853 (23.4%) 951 (23.9%) 869 (23.7%) 293 (22.4%)
(15.5%)
T4 9861 5845 (11.7%) 4016 (33%) 1328 (33.4%) 999 (27.2%) 452 (34.6%)
(15.9%)
N-Stage
NX 626 (1%) 346 (0.7%) 280 (2.3%) 93 (2.3%) 83 (2.3%) 32 (2.4%)
NO 32972 30260 (60.6%) 2712 (22.3%) 863 (21.7%) 1066 (29%) 281 (21.5%)
(53.1%)
N1 6262 5116 (10.2%) 1146 (9.4%) 386 (9.7%) 386 (10.5%) 120 (9.2%)
(10.1%)
N2 17174 11319 (22.7%) 5855 (48.1%) 1885 (47.3%) 1641 (44.7%) 642 (49.1%)
(27.6%)
N3 5117 2928 (5.9%) 2189 (18%) 755 (19%) 498 (13.6%) 232 (17.8%)
(8.2%)

SD, standard deviation; IQR, interquartile range; STNO, no separate tumor nodules noted; STN1, separate tumor nodules in ipsilateral lung, same lobe; STN2, separate tumor nodules in
ipsilateral lung, different lobe; STIN3, separate tumor nodules, ipsilateral lung, same and different lobe.
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Site

None
Bone
Brain
Liver
Two or Three
Total

No. (%)

19139 (65.3)
3262 (11.1)
2974 (10.2)
1126 (3.8)
2795 (9.5)
29296

Median

s}

R ESIENFNES

SD, standard deviation: HR, hazard ratio; Cl, confidence interval.

Cancer-specific survival
Mean

13.4
6.97
7.22
6.46
5.48
11.08

sD

12.761
8.061
8.4
7.63
7.075
11.769

Multivariate analysis
HR (95% Cl)

;
1.630 (1.568-1.695)
1,698 (1.631-1.768)
1.673 (1.573-1.778)
2.025 (1.941-2.112)

P-value

<0.001
<0.001
<0.001
<0.001
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1292 consecutive patients with pathologically
confirmed lung adenocarcinoma presenting

as GGO nodules on thin-slice CT at our
hospital (2016/11-2020/08)

Inclusion criteria
(1) CT examination within one month before surgery;
(2) isolated nodules with pure GGN Section (maximum
long-axis diameter < 3 cm);

- - — (3) Tumor lesions in the clinical stage of TINOMO.
Patients following eligibility
screening (n=630)
Exclusion criteria
(1) Radiotherapy or chemotherapy before CT examination;
Patients following exclusion
criteria (n=346)
AAH AlS MIA IAC
(n=29) (n=80) (n=89) (n=148)

(2) pGGNSs with very small size (maximum long-axis
diameter < 3 mm).
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Variable

Age*

Sex

Current or past smoking*
Family history

Nodule diameter*

Nodule count®

Subsolid status*

Upper lobe*

Malignant signs at the nodule edge*
Al risk score*

Liquid biopsy result*

*Indicates significantly associated with lung cancer.

Odds Ratio(95% Cl)

1.041 (1.024-1.059)
0.717 (0.485-1.058)
6.347 (3.946-10.210)
1.741 (0.796-3.806)
1.106 (1.073-1.140)
0.786 (0.703-0.879)
2,713 (1.780-4.133)
1.750 (1.85-2.585)
3.247 (2.159-4.882)
36.891 (15.745-86.441)
1.379 (1.260-1.511)

P-value

<0.001

0.094
<0.001

0.165
<0.001
<0.001
<0.001

0.005
<0.001
<0.001
<0.001
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Predictors Sensitivity Specificity AUC (mean,
(mean, 95% Cl)  (mean, 95% CI) 95% Cl)

Model  Diameter + nodule count + subsolid status + upper lobe location + malignant signs at the nodule 89.01% (82.00— 62.52% (50.33-  0.769 (0.719-
1 edge 96.03%) 74.70%) 0.820)
Model  Diameter + nodule count + subsolid status + upper lobe location + malignant signs at the nodule 89.18% (81.30— 65.96% (53.13-  0.791 (0.737-
2 edge + Al risk score 97.09%) 78.80%) 0.845)
Model Age + smoking + diameter + nodule count + subsolid status + upper lobe location + malignant signs ~ 86.29% (77.32— 83.25% (76.70-  0.872 (0.846-
3 at the nodule edge + liquid biopsy result 95.25%) 89.80%) 0.900)
Model Age + smoking + diameter + nodule count + subsolid status + upper lobe location + malignant signs ~ 89.53% (81.79— 81.31% (76.43-  0.880 (0.852-
4 at the nodule edge + Al risk score + liquid biopsy result 97.26%) 86.18%) 0.910)

Cl. confidence interval: AUC, area under the curve.
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Variables® BMI<28 (n = 3730) BMI>28 (n = 305) P Value

Age, years 69.8 + 4.1 69.5 + 3.9 0.309
Sex 0.513
Male sex 1748 (46.9) 137 (44.9)
Female sex 1982 (53.1) 168 (55.1)
ASA classification 0.007°
| 108 (2.9) 8(2.6)
I 3014 (80.8) 226 (74.1)
v 608 (16.3) 71(23.3)
Comorbidity
Hypertension 442 (11.8) 49 (16.1) 0.030°
Diabetes mellitus 250 (6.7) 31(10.2) 0.022°
Coronary artery disease 45 (1.2) 5(1.6) 0.585
Stroke/TIA 22 (0.6) 2(0.7) 1.000
FEV1/FVC, % 100.9 + 9.9 105.2 + 8.3 <0.001°
DLCO% 90.5+17.8 96.7 + 17.9 <0.001°
Chemoradiotherapy 4(0.1) 1(0.3) 0.325
Tumor size, cm 21 +141 21 +141 0.791
Clinical tumor stage 0.349
Tla 522 (14.0) 33 (10.8)
Tib 1577 (42.3) 146 (47.9)
Tic 1013 (27.2) 74 (24.3)
T2a 401 (10.8) 37 (12.1)
T2b 135 (3.6) 11 (3.6)
T3 67 (1.8) 3(1.0)
T4 15 (0.4) 1(0.3)
Advanced clinical stage 618 (16.6) 52 (17.0) 0.828
(T=2)

AContinuous data are shown as mean + standard deviation and categoric data as number (%).
OStatistically significant (P < 0.05). BMI, Bodly mass index (kg/m?); ASA, American Society of
Anesthesiology; TIA, Transient cerebral ischemic attack; FEV;, Forced expiratory volume in 1
second: FVC, Forced vital capacity; DLCO, Diffusion capacity for carbon monoxide.
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Feature groups Algorithms Training set Test set
Precision Recall F1-score Accuracy Precision Recall F1-score Accuracy

LR 0.937 +0.033 0.933 + 0.054 0.935 + 0.041 0.931 + 0.026 0.789 0.776 0.782 0.797
Hybrid ET 0.808+0.103  0.805+0.097  0.806+0.100  0.807 + 0.067 0.746 0.721 0.733 0.754
GBDT 0.921 + 0.057 0.908 + 0.060 0.914 + 0.058 0.909 + 0.021 0.740 0.726 0.733 0.754
Clinical Ensemble 0.795 + 0.067 0.785 + 0.049 0.790 + 0.057 0.785 + 0.029 0.624 0.621 0.622 0.652
Radiomics 0.865 + 0.082 0.815 + 0.037 0.839 + 0.051 0.813 + 0.067 0.710 0.704 0.707 0.739
Hybrid-ensemble model 0.917 £ 0.024 0.917 + 0.024 0.917 + 0.024 0.918 + 0.022 0.836 0.812 0.824 0.841

[ R, logistic regression; ET, extra trees; GBDT, gradient boosting decision tree. + represents the standard deviation of the values in the 10-fold cross-validation.
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Older patients received thoracoscopic
anatomical lung resection between April
2016 and December 2018 (n=4164)

Patients excluded (n=129)

Emergent surgery (n=12);

Thoracoscopic sleeve lobectomy (n=10);
Thoracoscopic pneumonectomy (n=12);
I »| Combined with chest wall resection (n=8);
Bilateral lung resection (n=6);

Benign lung disease (n=65);

Incomplete data (n=16)

v

Older patients received thoracoscopic
anatomical lung cancer resection with obesity
(n=3730) or no-obesity (n=305)

Covariates: Pre- and
Propensity Score Matching (1:1) ~ ———»| intraoperative characteristics;

and surgical year

v
i .
Patients developed intro-and Patients Wlthom 1nt}'0-§nd
postoperative complications postoperative complications
(n=204) (n=204)
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Clinical features

Age (years)
Gender
Female
Male
Smoking history
Never smoker
Former/current smoker
Smoking index (pack-years)
Lesion involved lobe
Right upper lobe
Right middle lobe
Right lower lobe
Left upper lobe
Left lower lobe
Maximum long-axis diameter (mm)
Short-axis diameter (mm)
Mean CT attenuation (HU)
SD of CT attenuation (HU)
Nodule shape
Round or oval
Irregular or polygonal
Tumor-lung interface
li-defined
Well-defined and smooth
Well-defined but coarse
Spiculation (-)
Spiculation (+)
Lobulation (-)
Lobulation (+)
Cavity ()
Cavity (+)
Vacuole sign (-)
Vacuole sign (+)
Air bronchogram (-)
Air bronchogram (+)
Vascular convergence (-)
Vascular convergence (+)
Intranodular vascular anomaly
None
Vessels entering with natural contour
Vessels ingress into the nodule with dilated or
distorted  branches
Pleural retraction sign (-)
Pleural retraction sign (+)

Total (n=346)

55.79 + 10.53 (24-83)

297 (85.8)
49 (14.2)

3w9 ©2.2)

27(7.8)
1.34 + 6.18 (0-75)

126 (36.4)
17 (4.9)
62 (17.9)
99 (28.6)
42 (12.9)
12.39 + 5.60 (3.5-30)
9.92 + 4.47 (1.8-29)

-531.60 + 138.07 (-801.5, -188) -533.19 + 138.15 (-790.9, -188)
97.88 + 79.59 (4.5-1059)

96.72 + 76.21 (4.5-1059)

165 (47.7)
181 (52.3)

38(11.0)
207 (59.8)
101 (29.2)
115 (33.2)
231 (66.8)
128 (37.0)
218 (63.0)
343 (1)
3(0
92 (26.6)
254 (73.4)
224 (64.7)
122 (35.3)
155 (44.8)
191 (65.2)
86 (24.9)

99 (28.6)
161 (46.5)

243(70.2)
103 (29.8)

Training set (n=277)

56.72 + 10.83 (27-83)

240 (86.6)
37 (13.4)

257 (92.8)

20(7.2)
1.27 + 6.34 (0-75)

101 (36.5)
12 (4.3)
51 (18.4)
80 (28.9)
33(11.9)
12.37 + 5.63 (3.5-30)
9.90 + 4.53 (1.8-29)

132 (47.7)
145 (52.9)

31(11.2)
168 (60.6)
78 (28.2)
91 32.9)
186 (67.1)
106 (38.3)
171 61.7)
274 (98.9)
3(1.1)
72 (26.0)
205 (74.0)
184 (66.4)
93 (33.6)
127 (46.8)
150 (54.2)

70 (25.3)
79 (28.5)
128 (46.2)

193 (69.7)
84 (30.3)

Test set (n=69)

56.06 + 10.70 (24-76)

57 (82.6)
2(17.4)

62 (89.9)
7.(10.1)
1.59 + 5.50 (0-30)

25 (36.2)
5(7.2)
11 (15.9)
19 (27.5)
9 (13.0)
12.49 + 5.50 (3.9-26)
10.01 + 4.23 (2.3-22)

-525.23 + 138.59 (-801.5, -202.3)
92,07 + 61.10 (16.1-317.1)

33 (47.8)
36 (52.2)

7 (10.1)
(56 5)
3(33.3)
(34 8)
5(65.2)
2 (31.9)
(68 1)
69 (100)
00
20 (29.0)
49 (71.0)
40 (68.0)
9 (42.0)
2s (40.6)
41(59.4)

16 (23.2)
20 (29.0)
33 (47.8)

50 (72.5)
9 (27.5)

value

0.811
0.391

0.419

0.698
0.764

0.879
0.856
0.669
0.572
0.980

0.448

0.761

0.327

0.387

0.616

0.189

0.432

0.737

0.651

The data are displayed as mean + standard deviation (range) or number (%).
P value is derived from the t-test (two-tailed distribution, equal variance assumption) between training set and test set.
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Indicators

ACC

Sens

Spec

PPV

NPV

Kappa Value
Easy
Operation

Analytical Validation Dataset
(N=144)

0.81 (116/144)
0.82 (98/119)
0.72 (18/25)
0.93 (98/105)
0.46 (18/39)
0.445
100%

Clinical Validation Dataset
(N=418)

0.79 (331/418)
0.84 (186/221)
0.74 (145/197)
0.78 (186/238)
0.81 (145/180)
0.580
100%

P Value

0.817
0.783
1.000
0.001
<0.001

Center A
(n=137)

0.77 (105/137)
0.85 (55/65)
0.69 (50/72)
0.71 (85/77)

0.83 (50/60)

0535
100%

Clinical Validation Dataset

Center B
(n=149)

0.78 (116/149)
0.83 (72/87)
0.71 (44/62)
0.80 (72/90)
0.75 (44/59)

0.541

100%

Center C
(n=79)

0.82 (65/79)
0.88 (22/25)
0.80 (43/54)
0.67 (22/33)
0.93 (43/46)
0623
100%

Center D P
(n=53) value

0.85 (45/53) 0530
0.84 (37/44) 0944
089 (8/9)  0.394
097 (37/38)  0.005
053 (8/15)  0.004
0577
100%

Center A, Zhongshan Hospital Fudan University; Center B, Zhongshan Hospital Fudan University; Center C, Shanghai Pulmonary Hospital; Center D, Nantong Tumor Hospital; ACC,
accuracy; Sens, sensitivity; Spec, specificity; PPV, positive predictive value; NPV, negative predictive value.
When kappa value < 0, the consistency intensity is extremely poor: 0 ~ 0.20, faint; 0.21 ~ 0.40, weak; 0.41 ~ 0.60, moderate; 0.61 ~ 0.80, high; kappa > 0.81, extremely strong.
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Characteristics

Age, year
Mean (SD)
Median [Min, Max]
Gender, n (%)
Male
Female
BMI
Mean (SD)
Median [Min, Max]
Smoke, n (%)
No
Yes
Lesion Size, mm
Mean (SD)
Median [Min, Max]
Lobe Location, n (%)
RLL/LLL
RML
RUL/LUL
Lesion Type, n (%)
MGGO
PGGO
Solid
Other
Final Diagnosis, n (%)
Benign
Malignant
sQ
Ad
SCLC
NOS
Other malignancy

Analytical Validation Dataset (N=144)

60.2 (9.41)
61.0(31.0,79.0]

90 (62.5)
54 (37.5)

237 (3.20)
23.6(15.4,31.1]

101 (70.1)
43 (29.9)

28,0 (13.1)
26.0 [4.90, 50.0]

56 (38.9)
19 (132)
69 (47.9)

7(4.9)

21 (14.6)

111 (77.9)
5(3.5)

25 (17.4)
119 (82.6)

Diagnostic Method, n (%)

Biopsy & follow-up
Surgery
Follow-up only

84 (58.9)
60 (41.7)

Total
(N=418)

57.8 (11.6)
60 [20, 80]

185 (44.3)
233 (55.7)

233 (3.27)
23.1[14.5, 37.9]

305 (73.0)
113 (27.0)

16.0 (10.8)
13.0 [4.00, 50.0]

117 (28.0)
47 (11.2)
254 (60.8)

110 (26.3)

146 (34.9)

161 (38.5)
102

197 (47.1)
221 (52.9)
9(4.5)
190 (45.5)
4(1.0)
6(1.4)
2(05)

84 (20.1)
193 (46.2)
141 (33.7)

Clinical Validation Dataset

Center A
(n=137)

57.3(12.2)
60 [20, 80]

59 (43.1)
78 (56.9)

23.2(3.03)
234 (169, 37.9]

101 (73.7)
36 (26.3)

14.6 (10.2)
11.0 [4.00, 48.3]

33 (24.1)
18 (18.1)
86 (62.8)

28 (20.4)

55 (40.1)

54 (39.4)
0(0)

72 (52.6)
65 (47.4)
322
61 (44.5)
107
0(0)
0(0)

14 (10.2)
76 (55.5)
47 (34.3)

Center B
(n=149)

59.0 (11.4)
6132, 80]

23.2 (3.50)
22.8[14.5,31.2]

106 (71.1)
43 (28.9)

17.6 (10.6)
15.0 [4.00, 46.0]

42(28.2)
10(6.71)
97 (65.1)

30 (20.1)

40 (26.8)

79 (63.0)
0(0)

62 (41.6)
87 (58.4)
10 6.7)
(46.3)

7)

0)

69 (
©.
(4
©.7)

1
6
1
69 (46.3)

36 (24.2)
44 (29.5)

Center C
(n=79)

534 (112)
56 [26, 73]

35 (44.3)
44 (55.7)

23.4 (2.88)
23.3(18.0,319]

63 (79.7)
6(20.3)

11.3 (8.96)
8.0 [4.00, 46.0]

16 (20.9)
13 (16.5)
50 (63.3)

16 (20.9)

45 (57.0)

18 (22.8)
0(0)

54 (68.4)
25 (31.6)
2(25)
22 (27.8)
0(0)
000
1(1.3)

00
31(39.2)
48 (60.8)

Center D
(n=53)

62.3 (8.62)
64 (45, 77)

28 (52.8)
25 (47.2)

24.0 (3.74)
23.1[17.6, 32.0]

35 (66.0)
18 (34.0)

225 (11.6)
21.0 [4.00, 50.0]

26 (49.1)
6(11.3)
21 (39.6)

36 (67.9)
6(11.3)

10 (18.9)
1019

9(17.0
44 83.0)
4(7.5)
38 (71.7)
2(38)
0(0)
0(0)

1019
50 (94.3)
2(38)

AD, adenocarcinoma; Center A, Zhongshan Hospital Fudan University; Center B, Shanghai Chest Hospital; Center C, Shanghai Pulmonary Hospital; Center D, Nantong Tumor Hospital;
FNA, fine needle aspiration; LLL, left lower lobe; LUL, left upper lobe; MGGO, mixed ground-glass opacity; NOS, not otherwise specified; NSCLC, non-small cell lung cancer; Another
malignancy refers to 1 non-small-cell lung cancer confirmed by pathology in Shanghai Chest Hospital and one combined adenocarcinoma and large cell neuroendocrine carcinoma in
Shanghai Pulmonary Hospital; PGGO, pure ground-glass opacity; RLL, right lower lobe; RML, right middle lobe; RUL, right upper lobe; SD, standard deviation; SQ, squamous cell
carcinoma; SCLC, small cell lung cancer.
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AS events Coefficient HR HR.95L HR.95H P-value
BEST3|23330|AT 1.23 3.43 1.07 10.93 0.038
CDKN2A|86004|AP 127 3.55 1.68 7.52 < 0.001
TTC39C|44852|AP 078 219 0.86 5.59 0.101
MEGF6|315|ES -1.57 0.21 0.08 0.52 < 0.001
PKIB|77377|AP 0.35 1.42 0.75 271 0.281
CA5B|98313|ES -0.99 0.37 0.14 0.98 0.045
HNRNPLL|53258|AT -3.38 0.03 0.004 0.30 0.002
LDB1[12935|AP -0.65 0.52 0.16 1.67 0.275
C120rf76[24406|AT 0.70 2.01 0.39 10.38 0.402
AP2B1[40327|AD 0.51 1.68 0.38 7.51 0.497
LETM2|83398|AT -1.13 0.32 o1 0.93 0.036
MRPL33|53046|ES 1.40 4.06 0.57 29.21 0.163
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Characteristics Type n Proportion (%)

Age <65 241 46.2
> 65 262 50.2
unknown 19 3.6
Gender Female 280 53.6
Male 242 46.4
Stage -1l 403 77.2
l-iv 111 213
unknown 8 1.5
T stage T1-2 453 86.8
13-4 66 12.6
unknown 3 0.6
N stage NO-1 433 83.0
N2-3 a4 14.8
unknown 12 22
M stage MO 353 67.6
M1 25 4.8

unknown 144 27 6
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PNCK
PCBP4
SUOX
SLCBA2
GSN
NAV2
AURKB
CRY2
SPHK2
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LIMK1
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LMCD1
ZAN
ATP2B2
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MAP3K19
OBSCN
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IPEK2
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LTF
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Gene Chr
BRCA1 17
EGFR 7
EGFR 7
EGFR 7
EGFR 7
ROS1 6

ROS1 6

Start

43104073

55173052

55202802

55174774

55174773

117356812

117341369

End

43104089

55173052

55202802

55174788

55174787

117356812

117341369

Variation Type
Deletion

SNP

SNP

Deletion
Deletion

SNP

SNP

Ref Mut
AAAAAAAAGAAAAGAAG .
G T
G A
AATTAAGAGAAGCAA =
GAATTAAGAGAAGCA =
G T
C A

Patients

-4
Tumor B
-2
Tumor A
-2
Tumor B
-4
Tumor A
-4
Tumor A
-2
Tumor A
II-5
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Gene Genomic Position Genomic Mutation dbSNP Protein Alteration Function ClinVar Assessment
ATR Chr3: C.7667C>G rs200490116 p.Thr2556Ser Missense Uncertain significance
142453222
SMG5 Chr1: ¢.1933A>G rs200093957 p.Lys645Glu Missense Not listed
156263493
RAB3GAP2 Chr1: 220164744 c.3143A>G rs151244742 p.His1048Arg Missense Likely benign
El24 Chrit: c.122G>A rs559933286 p.Arg41His Missense Not listed
125575342
XDH Chr2: 31350061 :C.2794G>A rs141291583 p.Ala932Thr Missense Not listed
PTPRA Chr20: C.2017G>A rs61742029 p.Valg73lle Missense Not listed
3035681
GSTZ1 Chr14:77326864 C.94G>A rs7975 p.Glu32Lys Missense Stop Gained

* indlicates nucleotide number and translation termination (stop) codon.
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White (N = 110696) Black (N = 8915) P value
Year of Diagnosis <0.0001
2004 8393 (7.6%) 645 (7.2%)
2005 8543 (7.7%) 649 (7.3%)
2006 8838 (8.0%) 643 (7.2%)
2007 8947 (8.1%) 708 (7.9%)
2008 9933 (9.0%) 758 (8.5%)
2009 10082 (9.1%) 836 (9.4%)
2010 10816 (9.8%) 914 (10.3%)
2011 11005 (9.9%) 912 (10.2%)
2012 11200 (10.1%) 921 (10.3%)
2013 11350 (10.3%) 971 (10.9%)
2014 11639 (10.5%) 958 (10.7%)
Diagnostic confirmation 0.3776
Missing 103 7
Positive histology 92351 (83.5%) 7239 (81.3%)
Positive cytology 18242 (16.5%) 1669 (18.7%)
Tumor size (mm) <0.0001
N 68419 5580
Mean (SD) 54.2 (51.6) 58.0 (50.8)
Median 47.0 50.0
Charlson-Deyo Score 0.1180
0 61000 (55.1%) 4883 (54.8%)
1 33422 (30.2%) 2522 (28.3%)
2 11645 (10.5%) 1085 (11.6%)
>=3 4629 (4.2%) 475 (5.3%)
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Az (95% CI) Cutoff value  SEN (%) SPE (%) PPV (%) NPV (%) ACC (%) Fl-score MCC Model-fitting information

AIC (%) R* value

Derivation set

Clinical-radiographic model 0.779 (0.747-0.809) >0.471 64.8 76.8 719 70.3 710 0.682 0.443 475 0.225
Radios ‘model 0.865 (0.839-0.889) >0.456 753 815 789 782 785 0.770 0.569 632 0.398
Combined model 0.872 (0.846-0.895) >0.494 78.7 820 80.1 80.7 804 0.794 0.607 64.5 0415
Internal validation set

Clinical-radiographic model 0.810 (0.762-0.852) >0416 66.9 76.8 727 71.6 721 0.697 0439 53.0 0279
Radiomics model 0.884 (0.843-0.917) >0.531 78.1 835 814 80.6 810 0797 0618 66.8 0.444
Combined model 0.887 (0.847-0.920) >0.560 80.1 848 829 822 825 0.815 0.650 68.4 0.466
External validation set

Clinical-radiographic model 0.855 (0.799-0.901) >0.419 713 80.8 77.0 75.7 76.3 0.740 0.523 60.9 0.367
Radion model 0.924 (0.878-0.957) >0.444 835 842 835 84.2 838 0.835 0613 733 0.535
Combined model 0.917 (0.869-0.951) >0472 845 86.1 854 853 854 0.850 0.707 738 0.542

Az, area under the receiver operating curve; Cl, confidence interval; SEN, sensitivity: SPE, specificity; PPV, positive predictive value; NPV, negative predictive value; ACC, accuracy; MCC, Matthews correlation coefficient; AIC, Akaike information criterion;
AIS, adenocarcinoma in sitw: MIA, minimally invasive adenocarcinoma: IAC, invasive adenocarcinonta.






OPS/images/fonc.2022.900049/table2.jpg
Characteristics

Clinical Characteristics
Age (years)
Sex (Men/Women)
Smoking history (Yes/No)
CEA (ng/ml)
History of COPD (Yes/No)
History of other cancers (Yes/No)
Family history of lung cancer (Yes/No)
Radiographic Characteristics
Lesion location
Right upper lobe
Right middle lobe
Right lower lobe
Left upper lobe
Left lower lobe
Maximum diameter (cm)
Maximum diameter of the solid component (cm)
CTR (%)
Lesion shape
Round/Oval
Irregular
Lesion border
Defined
Undefined
Vacuole sign (Yes/No)
Air bronchogram (Yes/No)
Microvascular sign (Yes/No)

Pleural indentation (Yes/No)

AIS, adenocarcinoma in si

Derivation set (n =735)

AIS-MIA group
(n =383)

5247+ 1118
101 (26.4)/282 (73.6)
34 (8.9)/349 (91.1)
181+ 114
21 (55)/362 (94.5)
20 (5.2)/363 (94.8)
20 (52)/363 (94.8)

148 (38.6)
25 (65)
58 (15.1)
99 (25.9)
53 (139)

109 £ 038

026011

2572+ 1153

326 (85.1)
57 (14.9)

313 (81.7)

70 (183)
24 (6.3)/359 (93.7)
23 (6.0)/360 (94.0)
68 (17.8)/315 (82.2)
95 (24.8)/288 (75.2)

Values are presented as no. (%) or mean + standard deviation.
*Mann-Whitney U test. ®Pearson’s chi-square test and Fisher’s exact test.

TAC group
(n=352)

5623+ 1024
126 (35.8)/226 (64.2)
55 (15.6)/297 (84.4)

212+ 140
29 (8.2)/323 (91.8)
33 (9.4)/319 (90.6)
14 (4.0)/338 (96.0)

123 (34.9)
25(7.1)
61 (17.3)
83 (23.6)
60 (17.1)

142042

035£0.14

2607 £ 1090

211 (59.9)
141 (40.1)

274 (77.8)

78 (22.2)
55 (15.6)/297 (84.4)
58 (16.5)/294 (83.5)

158 (44.9)/194 (55.1)

133 (37.8)/219 (622)

p value

0,000
0.006"
0.005"
0003
0.138"
0.030"
0.422°

0571°

0,000
0,000
0424
0.000"

0.190"

0000
0.000
0.000°
0000

Internal validation set (n = 315)

ATS-MIA group
(n=164)

5231 £ 12.62
51 (3L.1)/113 (68.9)
11(6:7)/153 (933)
197 £1.75
6 (3.7)/158 (96.3)
7 (4.3)/157 (95.7)
7 (43)/157 (95.7)

64 (39.0)
7(43)

28 (17.1)

47 (28.7)

18 (10.9)
108 £0.34
025£0.10

2567 +13.22

141 (86.0)
23 (14.0)

139 (84.8)
25 (152)

16 (9.8)/148 (90.2)
7 (4.3)/157 (95.7)
30 (18.3)/134 (81.7)
42 (25.6)/122 (74.4)

TAC group
(n=151)

55.64+ 1088
50 (33.1)/101 (66.9)
25 (16.6)/126 (83.4)

220+ 141
12 (7.9)/139 (92.1)
14/(93)/137 (90.7)
8 (53)/143 (94.7)

53 (35.1)
15 (9.9)
21 (139)
39 (25.8)
23(153)
145+ 044
034013
2654+ 1474

85 (563)
66 (43.7)

111 (73.5)

40 (26.5)
16 (10.6)/135 (89.4)
21 (13.9)/130 (86.1)
68 (45.0)/83 (55.0)
68 (45.0)/83 (55.0)

p value

0.016"
0702
0.006"
0017
0.101"
0075"
0.668"

0217

0.000"
0.000"
0793
0.000°

0014

0.805"
0.003"
0.000"
0.000"

External validation set (n = 198)

AIS-MIA group
(n = 104)

5221 +12.89
27 (26.0)/77 (74.0)
8 (7.7)/96 (92.3)
183104
4(3.8)/100 (96.2)
7 (67)/97 (93.3)
6(5.8)/98 (94.2)

27 (26.0)
10 (9.6)
21 (202)
31 (29.8)
15 (14.4)
099 £026
024 £0.10
2577 1279

83 (79.8)
21 (202)

82 (78.8)
22 (212)

5 (4.8)/99 (95.2)
6(5.8)/98 (94.2)
25 (24.0)/79 (76.0)
30 (28.8)/74 (71.2)

TAC group
(n=94)

5899 +10.19
31 (33.0)/63 (67.0)
12 (128)/82 (87.2)

223%145
5 (53)/89 (94.7)
9 (9.6)/85 (90.4)
8 (85)/86 (91.5)

34(362)
7(74)
9(9.6)

32(34.0)

12 (12.8)

142 %043
037 £0.14
2862 +13.15

52(55.3)
42 (44.7)

82 (87.2)
12 (12.8)

12 (12.8)/82 (87.2)
8 (8.5)/86 (91.5)
38 (40.4)/56 (59.6)
43 (457)/51 (54.3)

1A, minimally invasive adenocarcinoma; IAC, invasive adenocarcinoma; CEA, carcinoembryonic antigen; COPD, chronic obstructive pulmonary disease; CTR, consolidation-to-tumor ratio

p value

0,000
0279
0237
0025
0877
0.463"
0452°

0.200"

0,000
0,000
0112
0.000"

0.118"

0.046"
0452
0.013°
0014
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Characteristics Derivation set  Internal validation set  External validation set p value p° value

(n =735) (n = 315) (n =198)

Clinical Characteristics
Age (years) 5427 +10.90 53.91 + 11.91 54.90 + 12.29 0.364" 0.512*
Sex (Men/Women) 227 (30.9)/508 (69.1) 101 (32.1)/214 (67.9) 58 (29.3)/140 (70.7) 0.760° 0.666"
Smoking history (Yes/No) 89 (12.1)/646 (87.9) 36 (11.4)/279 (88.6) 20 (10.1)/178 (89.9) 0.835° 0.435°
CEA (ng/ml) 1.96 +1.28 2.08 £ 1.60 2.02 £1.27 0.189* 0.568"
History of COPD (Yes/No) 50 (6.8)/685 (93.2) 18 (5.7)/297 (94.3) 9 (4.5)/189 (95.5) 0.603° 0.247°
History of other cancers (Yes/No) 53 (7.2)/682 (92.8) 21 (6.7)/294 (93.3) 16 (8.1)/182 (91.9) 0.854 0.678"
Family history of lung cancer (Yes/No) 34 (4.6)/701 (95.4) 15 (4.8)/300 (95.2) 14 (7.1)/184 (92.9) 0.676" 0.167°
Radiographic Characteristics
Lesion location 0.833° 0224
Right upper lobe 271 (36.9) 117 (37.1) 61 (30.8)
Right middle lobe 50 (6.8) 22 (7.0) 17 (8.6)
Right lower lobe 119 (16.2) 49 (15.6) 30 (15.2)
Left upper lobe 182 (24.7) 86 (27.3) 63 (31.8)
Left lower lobe 113 (15.4) 41 (13.0) 27 (13.6)
Maximum diameter (cm) 125 £ 0.43 1.26 £ 043 1.20 £ 0.41 0.236" 0.215"
Maximum diameter of the solid component (cm) 031 £0.13 0.30 + 0.13 0.30 +0.14 0.493* 0.738*
CTR (%) 2589 £ 11.23 26.09 +13.95 27.12 £ 13.01 0.359" 0.474"
Lesion shape 0717 0.175°
Round/Oval 537 (73.1) 226 (71.7) 135 (68.2)
Irregular 198 (26.9) 89 (28.3) 63 (31.8)
Lesion border 0.920° 0350

Defined 587 (79.9) 250 (79.4) 164 (82.8)

Undefined 148 (20.1) 65 (20.6) 34(17.2)
Vacuole sign (Yes/No) 79 (10.7)/656 (89.3) 32 (10.2)/283 (89.8) 17 (8.6)/181 (91.4) 0.861° 0.374°
Air bronchogram (Yes/No) 81 (11.0)/654 (89.0) 28 (8.9)/287 (91.1) 14 (7.1)/184 (92.9) 0.354° 0.103°
Microvascular sign (Yes/No) 226 (30.7)/509 (69.3) 98 (31.1)/217 (68.9) 63 (31.8)/135 (68.2) 0.850° 0.773°
Pleural indentation (Yes/No) 228 (31.0)/507 (69.0) 110 (34.9)/205 (65.1) 73 (36.9)/125 (63.1) 0.243 0.118"

CEA, carcinoembryonic antigen; COPD, chronic obstructive pulmonary disease; CTR, consolidation-to-tumor ratio.
Values are presented as no. (%) or mean + standard deviation.

"Mann-Whitney U test. *Pearson’s chi-square test and Fisher’s exact test.

p value: Derivation set vs. Internal validation set; p’ value: Derivation set vs. External validation set.
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Characteristics Level No Lung Cancer (n = 322741) Lung Cancer (n = 1593) Total (n = 324334) P value

Age mean (sd) median 55.805 (8.051) 57 61.08 (6.121) 62 55.831 (8.0561) 57 <0.001
Sex Female 180,245 (55.848) 812 (50.973) 181,057 (55.824) <0.001
Sex Male 142496 (44.152) 781 (49.027) 143,277 (44.176)

Region London 38,499 (11.929) 144 (9.040) 38,643 (11.915) <0.001
Region Wales 14300 (4.431) 64 (4.018) 14,364 (4.429)

Region North West 46327 (14.354) 279 (17.514) 46,606 (14.370)

Region North East 37438 (11.600) 196 (12.304) 37,634 (11.608)

Region Yorkshier and Humber 49346 (15.290) 218 (13.685) 49,564 (15.282)

Region West Midlands 28198 (8.737) 118 (7.407) 28,316 (8.731)

Region East Midlands 22512 (6.975) 98 (6.152) 22,610 (6.971)

Region South East 29875 (9.257) 131 (8.223) 30,006 (9.252)

Region South West 29594 (9.170) 135 (8.475) 29,729 (9.166)

Region Scotland 26652 (8.258) 210 (13.183) 26,862 (8.282)

Townsend deprivation index -6.26,-3.73] 80,731 (25.044) 281 (17.640) 81,012 (25.008) <0.001
Townsend deprivation index (-3.73,-2.32] 80663 (25.023) 300 (18.832) 80,963 (24.993)

Townsend deprivation index (-2.32,0.128] 80614 (25.008) 375 (23.540) 80,989 (25.001)

Townsend deprivation index (0.128,11] 80347 (24.925) 637 (39.987) 80,984 (24.999)

Townsend deprivation index missing 386 0 386

BMI Normal 114,815 (35.673) 575 (36.369) 115,390 (35.676) 0.817
BMI Overweight 137889 (42.842) 674 (42.631) 138,563 (42.841)

BMI Obese 69154 (21.486) 332 (20.999) 69,486 (21.483)

BMI missing 883 12 895

WHR <=0.796 80,958 (25.126) 251 (15.816) 81,209 (25.080) <0.001
WHR (0.796,0.864] 80432 (24.963) 365 (22.999) 80,797 (24.953)

WHR (0.864,0.927] 80633 (25.025) 430 (27.095) 81,063 (25.035)

WHR >0.927 80185 (24.886) 541 (34.089) 80,726 (24.931)

WHR missing 533 6 539

Smoking status Never 180,665 (56.154) 269 (16.993) 180,934 (55.962) <0.001
Smoking status Previous 108576 (33.747) 649 (40.998) 109,225 (33.783)

Smoking status Current 32492 (10.099) 665 (42.009) 33,157 (10.255)

Smoking status missing 1008 10 1018

Alcohol intake frequency Never 19,558 (6.064) 156 (9.805) 19,714 (6.082) <0.001
Alcohol intake frequency Special occasions only 32815 (10.174) 191 (12.005) 33,006 (10.183)

Alcohol intake frequency 1-8 Times/month 36153 (11.209) 136 (8.548) 36,289 (11.196)

Alcohol intake frequency 1-2 Times/week 86049 (26.680) 372 (23.382) 86,421 (26.664)

Alcohol intake frequency 3 or 4 Times/week 79493 (24.647) 312 (19.610) 79,805 (24.623)

Alcohol intake frequency Daily or aimost daily 68455 (21.225) 424 (26.650) 68,879 (21.251)

Alcohol intake frequency missing 218 2 220

Hypertension No 277,358 (85.938) 1,196 (75.078) 278,554 (85.885) <0.001
Hypertension Yes 45383 (14.062) 397 (24.922) 45,780 (14.115)

Fasting time mean (sd) median 3.754 (2.395) 3 4.11(2.918) 3 3.755 (2.398) 3 <0.001
Fasting time missing 8 0 8

TG mean (sd) median 1.692 (0.982) 1.437 1.812 (1.028) 1.574 1.692 (0.982) 1.438 <0.001
Glucose mean (sd) median 4.987 (0.823) 4.9 4.965 (0.77) 4.901 4.987 (0.823) 4.9 0.296
TyG index mean (sd) median 8.667 (0.541) 8.638 8.739 (0.529) 8.722 8.668 (0.541) 8.639 <0.001
TC mean (sd) median 5.786 (1.087) 5.737 5.675 (1.124) 5.65 5.786 (1.087) 5.737 <0.001
TC missing 79 0 79

HDL mean (sd) median 1,477 (0.38) 1.429 1.423 (0.386) 1.368 1,476 (0.38) 1.428 <0.001
HDL missing 68 0 68

LDL mean (sd) median 3.624 (0.832) 3.582 3.55 (0.869) 3.534 3.623 (0.832) 3.582 <0.001
LDL missing 455 1 456

HbA1c Normal 296,039 (96.406) 1,406 (92.744) 297,445 (96.388) <0.001
HbA1c High 11037 (3.594) 110 (7.256) 11,147 (3.612)

HbA1c missing 15665 Fid 16742

sd, standard deviation; BMI, Body mass index; WHR, waist-hip ratio; TC, total cholesterol; TG, triglyceride; TyG index, Triglyceride-glucose index; HDL, high-density lipoprotein
cholesterol: LDL, low-density lipoprotein cholesterol: HbA1c, glycated hemoglobin; TyG index, triglyceride-glucose index.
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Model Beta SE HR (95%Cl) Wald P

Model 0* 0.564 0.122 1.757 (1.518-1.995) 4.63 <0.001
Model 0° 0.259 0.051 1.295 (1.173-1.430) 5128 <0.001
Model 12 -0.111 0.128 0.895 (0.644-1.145) -0.87 0.385
Model 1° -0.026 0.054 0.974 (0.876-1.083) -0.484 0.629
Model 22 -0.093 0.138 0.911 (0.640-1.182) -0.68 0.499
Model 2° -0.035 0.065 0.966 (0.850-1.097) -0.540 0.589

%and ® represent the continuous type and categorial type (divided by median) of the TyG index respectively when we performed the Cox models. Model 0: univariate Cox models. Model 1:
adjusted for age, sex, region, Townsend deprivation score, smoking status, alcohol intake frequency, body mass index, waist hip rate, and hypertension. Model 2: adjusted for model 1
plus fasting time, total cholesterol, low-density lipoprotein cholesterol, high-density lipoprotein cholesterol, and glycated hemoglobin.
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Group N cases HR(95% CI) P Value

Low PRS

Low TyG index 30262 85 Reference Reference

High TyG index 30408 138 1.288 (0.924-1.795) 0.136
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Low TyG index 91072 413 Reference Reference

High TyG index 91091 504 0.892 (0.759-1.049) 0.167

High PRS

Low TyG index 30479 148 Reference Reference

High TyG index 30125 197 1.015(0.779-1.322) 0.911
06 08 1 12 14 16 18

HR(95% CI)





OPS/images/fonc.2021.773958/fonc-11-773958-g002.jpg
Hazard Ratio

Parameter (Cl, 95%) P Value
Female (vs Male) . 0.852 (0.839-0.864) <.0001
Age (10 unit increase) . 1.136 (1.126-1.147) <.0001
Black (vs White) + 0.911 (0.884-0.9380) <.0001
Great Circle Distance (50 unit increase) 0.988 (0.983-0.993) <.0001
Median Income Quartiles 2007-2012 (vs <$38,000)
$38.000-$47,999 0.976  (0.953-1) 0.048
$48.000-$62,999 0.973 (0.948-0.999) 0.0383
$63.000+ 0.929 (0.901-0.958) <.0001
PercentNo High School Degree 2007—-2012 (vs >=21%)
13-20.9% 1.04 (1.015-1.065) 0.0013
7-12.9% 1.057 (1.03-1.085) <.0001
<7% 1.05 (1.017-1.085) 0.0029
Patient Insurance (vs No insurance)
Government Insurance 0.977 (0.919-1.038) 0.4516
Private insurance + 0.888 (0.835-0.945) 0.0002

Facility Volume (vs Low) ,
High 0.993 (0.963-1.023) 0.6468

Medium 0.998 (0.969-1.028) 0.8765
Type of area (vs Urban) '
Mt 1.006 (0.985-1.028) 0.5558
Bl 1.055 (1.005-1.108) 0.0315
Charlson-Deyo Score (vs 0) l
1 . 1.139 (1.119-1.158) <.0001
5 . 127 (1.238-1.302) <.0001
- —e—  1.537 (1.481-1.596) <.0001
I T : T 1
0 0.5 1 1.5 2

Hazard Ratio

Parameter (CL, 95%) P Value
Positive cytology (vs Histology) 1.008 (0.988-1.028) 0.4407
Tumore Size (10 unit increase) 1.007 (1.006-1.009) <.0001
Region Nodes Examined (10 unit increase) 0.99 (0.988-0.993) <.0001
Treatment patterns (yes vs no)
Radiation Therapy ® 0.774 (0.762-0.787) <.0001
Chemotherapy ] 0.406 (0.397-0.414) <.0001
Immunotherapy 0.908 (0.793-1.039) 0.162
Palliative Care . 1.225 (1.202-1.247) <.0001
Academic/Research Program (ves vs no) 0.978 (0.96-0.997) 0.0205

| I | |
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Great Circle Distance
N

Mean (SD)

Median
Geographic region
Missing
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Central

Mountain
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ab\/ariables refer to the residential region, rather than individual.

White (N = 110696)

56673 (61.2%)
54023 (48.8%)

26653
38088
32960
12995

(24.1%)
(34.4%)
(29.8%)
11.7%)

2292
18633 (17.2%)
32178 (29.7%)
37236 (34.3%)
20357 (18.8%)

2344
20776 (19.2%)
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27078 (25.0%)

4618
2220 (2.1%)
73253 (69.1%)
30605 (28.9%)

4289
20207 (19.0%)
83254 (78.2%)
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108440
24.9 (91.6)
9.2

339
45258 (41.0%)
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4087 (3.7%)
8667 (7.9%)

Black (N = 8915)

4606 (51.7%)
4309 (48.3%)

2586
3061
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882

29.0%)
(34.3%)
26.8%)
9.9%)

140
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3289 (37.5%)
1561 (17.8%)

492 (5.6%)

145
4458 (50.8%)
1964 (22.4%)
1465 (16.7%)
883 (10.1%)

554
243 (2.9%)
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215
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8763
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4225 (47.6%)
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64 (0.7%)
364 (4.1%)

P value

0.0147

0.0145

0.0122

0.0034

0.2267

0.2763

<0.0001

0.1088





OPS/images/fonc.2021.773958/crossmark.jpg
©

2

i

|





OPS/images/fonc.2021.773958/fonc-11-773958-g001.jpg
o
1S4

—&— White
—&— Black

H$» A P S O N A D N
AR R gt P gy

0 +

=) =
=3 3

(%) 918 118 Buowe Al
abejs yym syusned jo sbejusdied

4

OMale
®Female

11

56

40 +

3 2 3

(%) syuened jje
Jo xas jo abejuadiag

Black

White

White
—— Black

(%) AIoBeYS
yum sjuaned Jo |RAIAINS |[RIBAO

16 20 24

12
Time (month)





OPS/images/fonc.2021.774937/crossmark.jpg
©

2

i

|





OPS/images/fonc.2022.900049/fonc-12-900049-g001.jpg
3326 patients in our institution with pulmonary nodules ] .
pathologically diagnosed as AIS/MIA/IAC Exclusion criteria: ) )
(1): Patients with NSNs, PSNs with solid components

>6 mm or solid nodules
(2): Patients had no non-enhanced images

1012 patients with surgically resected 1050 (3): Patients with nodules <5mm or >3cm in diameter
PSNs with solid components <6 mm included (4): Patients with unsatisfactory imaging quality due

to respiratory motion during the examination

AIS/MIA vs IAC

External validation set
(198 cases from another hospital share

.. the same exclusion criteria with
Internal validation set .. . Cq .
derivation set and internal validation set)

Derivation set

Clinical and radiographic features
Clinical-radiographic model

Radiomics model
Combined model
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Characteristic Adenocarcinoma Others X P

Sex

Male 4,641 (57.1) 5,502 (76.0) 604.774 <0.001*
Female 3,480 (42.9) 1,740 (24.0)

Age

0-44 192 (2.4) 119 (1.6) 80.504 <0.001*
45-64 3,207 (39.5) 2,409 (33.3)

> 65 4,722 (58.1) 4,714 (65.1)

Smoking status

Never 4,604 (60.2) 2,688 (39.5) 623.968 <0.001*
Current 2,259 (30.0) 2,965 (43.6)

Former 752 (9.8) 1,149 (16.9)

Alcohol intake

Never 5,649 (74.8) 4,391 (65.9) 134.88 <0.001*
Current 1,902 (25.2) 2,270 (34.1)

Occupation

Non-manual labor 902 (21.9) 802 (19.1) 10.07 0.002*
Manual labor 3,218 (78.1) 3,473 (80.9)

Related disease history

No 7,137 (94.6) 6,114 (91.3) 62.595 <0.001*
Yes 403 (5.3) 584 (8.7)

Family history of cancer

No 6,700 (90.9) 5,804 (90.8) 0.029 0.866

Yes 672 (9.1) 588 (9.2)

BMI

<185 204 (5.8) 223 (5.8) 45 0.461

18.5-24.9 2,162 (61.4) 2,416 (62.7)

225 1,157 (32.8) 1,214 (31.5)

Areas

Light pollution 1,120 (13.8) 1,645 (22.7) 206.538 <0.001*
Severe pollution 7,001 (86.2) 5,597 (77.3)

Position

Whole lung 97 (1.3) 89 (1.3) 16.199 <0.001*
Left lung 3,191 (41.3) 3,088 (44.6)

Right lung 4,430 (57.4) 3,745 (54.1)

* P<0.01, was considered statistically significant.
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Factor

Sex

Age

Smoking status

Alcohol intake

Occupation

Related disease history

Family history of cancer

BMI

Areas

Marriage

Blood type

Position

Morphology

Male

Female

<45

45-64

265

Never

Current

Former
Unknown

Never

Current
Unknown
Non-manual labor
Manual labor
Unknown

No

Yes

Unknown

No

Yes

Unknown

<185

18.5-24.9

225

Unknown

Light pollution
Severe pollution
Unmarried
Married
Widowed
Divorced
Unknown

A

B

[¢]

AB

Unknown
Whole lung

Left lung

Right lung
Unknown
Adenocarcinoma
Small cell carcinoma
Squamous cell carcinoma
Others
Unknown (no pathology)

Cases

15,611
8,063
396
7,639
15,639
10,913
7,533
2,732
2,496
14,976
5,881
2,817
2,850
9,724
11,100
19,357
1,643
2,674
18,378
1,735
3,561
727
6,444
3,135
13,368
4,222
19,452
295
19,568
536
199
3,076
1,494
1,999
1,676
681
17,824
301
9,205
11,947
2,221
8,121
2,843
3,443
956
8311

%

65.9
34.1

322
66.1
46.2
31.8
11.5
10.5
63.3
24.8
11.9
12.0
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Variables

Female

Age265

Severe pollution

Current smoking

Related disease history (yes vs no)

Manual labor (yes vs no)

Right lung (yes vs o)

HH

[ —
0 02505075

1

T T T T
12515175 2 22525

R ( 95% CI)

1.798 (1.596.2.025)

0.766 (0.694-0.845)

1577 (1.406-1.767)

0.554 (0.4710.653)

0.731 (0.606-0.882)

0.864 (0.768-0.972)

1.242 (1.1294.367)
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Lesion type EIA

Pure GGO + 45 3 1 16
N 13 4 0 64

Mixed GGO + 64 6 1 5
7 0 15

12
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Variable Diagnostic yield P-Value Sensitivity P-Value Specificity P-Value
Age, year
18-44 0.78 (29/37) 0.28 0.79 (22/28) 0.07 0.78 (7/9) 0.35
45-69 0.81 (156/193) 0.88 (134/152) 0.54 (22/41)
=70 0.70 (33/47) 0.75 (30/40) 0.43 (3/7)
Gender
Male 0.82 (106/130) 1.00 0.87 (91/105) 0.52 0.60 (15/25) 0.80
Female 0.81 (112/138) 0.83 (95/115) 0.74 (17/32)
BMI
<24 0.75 (123/163) 0.156 0.82 (105/128) 0.30 0.51 (18/35) 0.58
224 0.83 (95/114) 0.88 (81/92) 0.64 (14/22)
Smoke
No 0.78 (143/184) 0.68 0.83 (119/144) 0.38 0.60 (24/40) 054
Yes 0.81 (75/93) 0.88 (67/76) 0.47 (8/17)
Lesion size, mm
<10 0.82 (32/39) 0.45 0.88 (23/26) 0.35 0.69 (9/13) 0.55
10~30 0.77 (144/188) 0.82 (126/153) 0.51 (18/35)
30~50 0.84 (42/50) 0.90 (37/41) 0.56 (5/9)
Lobe location
RLL/LLL 0.80 (83/104) 0.26 0.83 (66/80) 0.01 0.71 (17/24) 0.03
RML 0.65 (15/23) 061 (11/18) 0.80 (4/5)
RUL/LUL 0.80 (120/150) 0.89 (109/122) 0.39 (11/28)
Lesion type
MGGO 0.79 (59/75) 0.156 0.81(51/63) 0.03 0.67 (8/12) 0.66
PGGO 0.80 (83/104) 0.85 (73/86) 0.56 (10/18)
Solid 0.66 (25/38) 0.73 (22/30) 0.38 (3/8)
Patchy shadows 0.85 (51/60) 0.98 (40/41) 0.58 (11/19)
Final diagnosis
Benign 0.56 (32/57) <0.01 0.56 (32/57)
Malignant 0.85 (186/220) 0.85 (186/220)
Diagnostic method
Biopsy 0.75 (63/84) 0.40 0.85 (51/60) 1.00 0.50 (12/24) 0.60
Surgery 0.80 (155/193) 0.84 (135/160) 0.61 (20/33)

AD, adenocarcinoma; Center A, Zhongshan Hospital Fudan University; Center B, Shanghai Chest Hospital; Center C, Shanghai Pulmonary Hospital; Center D, Nantong Tumor Hospital;
FNA, fine needle aspiration; LLL, left lower lobe; LUL, left upper lobe; MGGO, mixed ground-glass opacity; NOS, not otherwise specified; NSCLC, non-small cell lung cancer; Another
malignancy refers to 1 combined adenocarcinoma and large cell neuroendocrine carcinoma in Shanghai Pulmonary Hospital; PGGO, pure ground-glass opacity; RLL, right lower lobe;

RML, right middle lobe; RUL, right upper lobe; SD, standard deviation; SQ, squamous cell carcinoma; SCLC, small cell lung cancer.
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Variable

Diagnostic yield P-Value Sensitivity P-Value Specificity P-Value
Age, year
18~44 0.50 (4/8) 0.092 0.75 (3/4) 0.907 0.25 (1/4) 0.054
45-69 0.82 (91/111) 0.82 (75/92) 0.84 (16/19)
>70 0.84 (21/25) 0.87 (20/23) 0.50 (1/2)
Gender
Male 0.79 (71/90) 0.664 0.82 (59/72) 1.000 0.67 (12/18) 0.626
Female 0.83 (45/54) 0.83 (39/47) 0.86 (6/7)
BMI
<24 0.86 (66/77) 0.143 0.86 (57/66) 0.299 0.82 (9/11) 0.407
>24 0.75 (50/67) 0.77 (41/59) 0.64 (9/14)
Smoke
No 0.84 (85/101) 0.149 0.85 (72/85) 0.425 0.81 (13/16) 0.205
Yes 0.72 (31/43) 0.76 (26/34) 0.56 (5/9)
Lesion Size, mm
<10 0.70 (7/10) 0.017 0.71 (8/7) 0.026 0.67 (2/3) 1.000
10~30 0.74 (56/76) 0.75 (47/63) 0.69 (9/13)
30~50 091 (53/58) 0.94 (46/49) 0.78 (7/9)
Lobe Location
RLL/LLL 0.82 (46/56) 0.374 0.86 (37/43) 0.268 0.69 (9/13) 1.000
RML 0.68 (13/19) 0.69 (11/16) 0.67 (2/3)
RUL/LUL 0.83 (57/69) 0.83 (50/60) 0.78 (7/9)
Lesion Type
MGGO 1(7/7) 0.337 1(5/5) 0.585 1(2/2) 0718
PGGO 0.76 (16/21) 0.76 (13/17) 0.75 (3/4)
Solid 0.79 (88/111) 0.82 (77/94) 0.65 (11/17)
Patchy shadows 1(5/5) 1(3/3) 1(2/2)
Final Diagnosis
Benign 0.72 (18/25) 0.262 0.72 (18/25)
Malignant 0.82 (98/119) 0.82 (98/119)
Diagnostic Method
Biopsy 0.83 (70/84) 0.434 0.87 (58/67) 0.260 0.71 (12117) 1.000
Surgery 0.77 (46/60) 0.77 (40/52) 0.75 (6/8)

AD, adenocarcinoma; Center A, Zhongshan Hospital Fudan University; Center B, Shanghai Chest Hospital; Center C, Shanghai Pulmonary Hospital; Center D, Nantong Tumor Hospital;
FINA, fine needle aspiration; LLL, left lower lobe; LUL, left upper lobe; MGGO, mixed ground-glass opacity; NOS, not otherwise specified; NSCLC, non-small cell lung cancer; PGGO, pure
ground-glass opacity; RLL, right lower lobe; RML, right middle lobe; RUL, right upper lobe; SD, standard deviation; SQ, squamous cell carcinoma; SCLC, small cell lung cancer.
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Time (Year) 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015
AllNSCLC 43,637 43,408 45215 45413 45,735 46,258 45,136 45,060 45,438 45,711 46,129 46211
Stage IV 16,988 17,229 17,880 17,829 17,981 18,820 21,355 20,869 21,434 21,150 21,305 21,042
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Time (Year) 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015
AIINSCLC 43,637 43,408 45,215 45,413 45,735 46,258 45,136 45,060 45,438 45,711 46,129 46,211
<45 Stage IV 579 533 546 450 456 464 447 438 404 403 400 363
Rate (%) 133 123 121 1.00 1.00 1.00 099 097 08 088 0.87 0.79
C

Incidence rate (%)
(%]

0
2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015
Time (year)

Time (Year) 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015
All Stage IV 16,988 17,229 17,880 17,829 17,981 18,820 21,355 20,869 21,434 21,150 21,305 21,042
<45 Stage IV 579 533 546 450 456 464 447 438 404 403 400 363
Rate (%) 341 309 3.05 252 254 247 209 210 18 191 188 173
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Risk factors OR 95% CI

A

Age (270) 0.291 0.179-0.474
Smoking status

Current smoking 1.868 1.143-3.053
Never/ever smoking = =
FEV1%pred 1.049 1.038-1.061
NLR

NLR =291 12.731 7.493-21.631
NLR < 2.91 = =

PLR

PLR > 156.53 4.389 2.609-7.382
PLR < 156.53 = =
Emphysema 2.815 1.560-5.080
B

Smoking status

Current smoking 6.583 2.941-14.736
Never/ever smoking B -
NLR

NLR > 3.53 3.788 1.811-7.923
NLR < 3.53 - -

PLR

PLR > 172.10 4.775 2.321-9.823
PLR < 172.10 - -

C

BMI

>25 (kg/m’) 0.219 0.061-0.792
<25(kg/m?) - -
Smoking status

Current smoking 4.267 2.051-8.875
Never/ever smoking = E

PLR

PLR > 172.10 3.268 1.531-6.976
PLR < 172.10 = =

BMI, body mass index; FEV1, forced expiratory volume in 1 s; NLR, neutrophil-to-lymphocyte ratio; PLR, platelet-to-lymphocyte ratio.

P-value

<0.001

0.013

<0.001

<0.001

<0.001

0.001

<0.001

<0.001

<0.001

0.021

<0.001

0.002
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Clinical characteristics COPD with lung cancer (n = 236) COPD only (n = 500) P-value

Age (years) 66.44 + 8.37 69.87 £ 9.37 <0.001
Gender, n (%)

Male 223 (94.5) 470 (94.0) 0.791
Female 13 (5.5) 30 (6.0)

BMI (kg/mz) 21.18 +2.58 20.79 £3.29 0.114
Smoking status, 1 (%)

Current smoking 178 (75.4) 254 (50.8) <0.001
Never/ever smoking 58 (24.6) 246 (49.2)

Pulmonary functions

FEV1/FVC 0.59 £ 0.10 0.52 £ 0.11 <0.001
FEV1%pred 66.46 + 20.54 47.39 £ 21.01 <0.001
Inflammatory markers

WBC (10°/L) 8.68 + 1.60 6.69 + 1.60 <0.001
Neutrophil (10°/L) 6.03 +1.29 4.13 £ 124 <0.001
Lymphocyte (10°/L) 1.75 +0.37 1.78 £ 0.51 0.641
NLR 3.51 £0.72 2.45 +0.81 <0.001
PLR 172.72 + 24.96 142.64 + 37.56 <0.001

Emphysema, n (%)
Yes 205 (86.9) 341 (68.2) <0.001
No 31 (13.1) 159 (31.8)

BMI, body mass index; FEV1, forced expiratory volume in 1 s; FVC, forced vital capacity; WBC, white blood cell; NLR, neutrophil-to-lymphocyte ratio; PLR, platelet-to-lymphocyte ratio.





OPS/images/fonc.2022.902955/fonc-12-902955-g002.jpg
0.8
£06 z
Z z
& 04 3

NLR AUC0.84,95%C10.82-0.87

LR AUC 0.74, 95%C1 0.670.80

———NLR AUC 0,68, 95%C 0.61.0.76

———PLR AUC 0.74, 95%C1 0.70.0.78 PLR AUC 0.69, 95%C10.62-0.76

&S
1)

———PLR AUC 0.73, 95%C1 0.67-0.80

Reference line

Reference line Reference line

e
=

00 02 04 06 08 1.0 0.0 02 04 06 08 1.0 00 02 04 06 08 1.0
1 - Specificity 1 - Specificity 1 - Specificity





OPS/images/fonc.2022.779395/table1.jpg
Characteristic

Age (range)
<60 years
Male sex
Never smoker
Comorbidities
Hypertension
Diabetes mellitus
Respiratory symptoms
Cough
Fever
Chest distress
Chest pain
Bloody sputum
Radiologic findings
Solid nodule or mass
Pneumonia-like consolidative pattern
Ground-glass opacity
Mixed pattern
IPI score
0-1
23
LDH
Normal
Elevated

Total (n = 36)

55 (31-69)

25 (69.4)
4(389)

29 (80.6)

5(139)
2(56)

7(19.4)
6(16.7)
4(11.9)
128
128

19 (52.8)
8(222)
7(19.4)
2(56)

35(97.2)
128

34 (94.4)
2(56)

Stage | (n = 27)

54 (31-69)
21 (77.8)
0(37.0)
22 (81.5)

4(14.8)
2(7.4)

3(11.1)
4(14.8)
2(7.4)
0(0)
1@37)

14 (38.9)
4(11.1)
7(19.4)
2(56)

27 (100.0)
0(0)

26 (96.3)
13.7)

Stage ll (n =9)

61 (44-66)
4 (44.4)
4 (44.4)
7(77.8)

1(11.1)
0(0)

4 (44.4)
2(222)
2(222)
1(11.1)
0(0)

5(139)
4(11.1)
0(0)
0(0)

8(88.9)
1(11.1)

8(88.9)
1(11.1)

P-value

0.087
0.096
0.712
1.000

1.000
1.000

0.050
0.627
0.255
0.206
1.000
0.169

0.250

0.443
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Variable Central tumor (n = 10) Peripheral tumor (n = 26) P-value
Age 52 (31-64) 56.5 (38-69) 0.200
Male sex 3(30.0) 11 (42.3) 0.706
Radiologic findings

Longest diameter, cm 5.5 (3-10) 2.75(0.8-13) 0.003
Classification 1.000

Single nodular or consolidation 7 (70.0) 18 (69.2)

Multiple nodular or consolidation 3(30.0) 8(30.8)
Treatment characteristics 0.003

Lobectomy 6 (60.0) 9(34.6)

Limited resection 1(10.0 16 (61.5)

Palliative resection 3(30.0) 0(0)

Biopsy 0(0) 138
Mediastinal lymph node dissection 6 (60.0) 10 (38.5) 0.355
Lymph node biopsy 0(0) 5(19.2)
No lymph node dissection 4 (40.0) 11 (42.9)

0(0) 2(7.7) 1.000

Complications
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Patients with SMGGNSs treated from October 2017 to May 2020 (n=109)

1.Surgical indications are not reached(n=10)
2.Can't tolerate surgery(n=3)
3.Refuse to surgery(n=9)

Receive surgery(n=87)

Whole-body PET/CT Contrast-enhanced brain V\{hole- body PET/CT
without brain scans(n=51) MRI+DWI(n=87) without brain scans(n=22)

Lymph node or organ Other primary Cerebral infarction Brain metastasis Lymph node or organ
metastasis(n=0) tumor(n=0) tumor(n=24) (n=0) metastasis(n=0)

Acute phase Convalescence
(n=1) (n=23)
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Selected Features

Gender

Age

Invasive Degree
Cancer density
Vacuolation
Air-Bronchogram
Spiculation

Halo

Pleural- Indentation
Umbilicated- Indentation
Smoke History

Univariate Analysis

Zory2

8.481
-2.826
32.923
42.991
38.221
25.088
9.348

7.520
12.418
10.352
5.413

P

0.004
0.004
<0.001
<0.001
<0.001
<0.001
0.025
0.006
<0.001
0.001
0.020

Multivariate Analysis

Regression coefficient

-0.649
0.015
-1.158
1.510
0.571
0.251
0.313
-0.506
0.145
0.481
-0.335

<0.001
0.037
<0.001
<0.001
0.001
0.165
0.253
0.051
0.493
0.093

Univariate Analysis: Continuous variables were analyzed using Mann-Whitney U test. Categorical variables were analyzed using chi-square tests or Fisher's exact test.

Features with bolded numbers of the P-value column are independent predictors.
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1264 patients registered
with COPD in 2015-2021

528 patients excluded due to:
- Incomplete medical records

- Presence of asthma
- Presence of Interstitial lung disease

736 cased COPD

500 cases categorised 236 cases categorised as
as COPD only COPD + Lung cancer
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Case Sex/age (years)

1 M/38
Fl42
Fld6
FI50
M21
M/50
M/67
8 M/74

Rl

Symptoms

Cough/ Hemoptysis
Cough Hemoptysis
None

Cough/ Hemoptysis
Cough/ Chest tightness
None

Cough/ Chest tightness

Thoracalgia

Location/size

RLL/3.0 cm
RUL/20 cm
RML/25 cm
RLL/4 cm
RUL/28 cm
LLL/23 cm
LLL/30 cm
RUL/4.0 cm

Surgery

Lobectomy
Lobectomy
Lobectomy
Lobectomy
Lobectomy
Lobectomy
Lobectomy

Lobectomy+ lymph node dissection

Prognosis after surgery

9 years 9 months, alive
9 years, alive
8 years, alive
7 years 7 months, alive
7 years 3 months, alive
6 years 7 months, alive
4 years, alive

2 years 3 months, alive

Results of positive immunohistochemistry

ALK(++), Vim(+) SMA(+), Calponin(+), Ki67(+, 20~30%)
ALK(+), Vim(+), SMA(-), Calponin(-), Ki67(+, 10%)
ALK(+), Vim(+), SMA(+), Calponin(-), Ki67(+, 8%)
ALK(-), Vim(++), SMA(+), calponin(-), Ki67(-), CD68(-)
ALK(+), Vim(++), SMA(+), calponin(-), Ki67(+, <5%)
ALK(-), Vim(+++), SMA(-/+), calponin(-), Ki67(+/-, 10%)
ALK(+), Vim(+), SMA(+), calponin(-), Ki67(-)

ALK(), Vim(+++), SMA(+~++),calponin(-), Ki67(+, 20%)

F, female; M, male; RLL, right lower lobe; RUL, right upper lobe; RML, right middle lobe; LLL, left upper lobe; ALK, anaplastic lymphoma kinase; Vim, vimentin; SMA, smooth muscle actin.
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Variables Benign Nodule Malignant Nodule

Training Cohort Validation Cohort Training Cohort Validation Cohort

n=135 n=63 n =425 n =105
Age, y, mean, range 55 (18-81) 57 (30-82) 60 (25-82) 57 (25-81)
Sex, no. of participants (%)
Male 76 (56%) 37 (59%) 204 (48%) 46 (44%)
Female 59 (44%) 26 (41%) 221 (52%) 59 (56%)
Smoking history, no. of participants (%)
Current or past smoker” 25 (19%) 17 (27%) 251 (59%) 73 (70%)
Nonsmoker 110 (81%) 46 (73%) 174 (41%) 32 (30%)
Family history, no. of participants (%)
Yes 8 (6%) 24 (38%) 42 (10%) 39 (37%)
No 127 (94%) 39 (62%) 383 (90%) 66 (63%)
Diameter of the nodule, milimeter, mean, range 12 (1-29) 9 (2-23) 17 (1-30) 14 (4-30)
Nodule count, no. of participants (%)
Single 80 (59%) 19 (30%) 335 (79%) 33 (31%)
Multiple 55 (41%) 44 (70%) 90 (21%) 72 (69%)
Type of nodule, no. of participants (%)
Solid 97 (72%) 27 (43%) 207 (49%) 20 (19%)
Subsolid 38 (28%) 36 (57%) 218 (51%) 85 (81%)
Nodule location, no. of participants (%)
Upper lobe 61 (45%) 24 (38%) 251 (59%) 68 (65%)
Non-upper lobe 74 (55%) 39 (62%) 174 (41%) 37 (35%)
Nodule edge, no. of participants (%)
Entirely smooth 85 (63%) 35 (66%) 144 (34%) 16 (15%)
Malignant signs* 50 (37%) 28 (44%) 281 (66%) 89 (85%)
Malignant subtypes
Adenocarcinoma 361 (85%) 97 (92%)
Squamous cell carcinoma 23 (5%) 3 (3%)
Others 41 (10%) 5 (56%)
Cancer stage
IA1 103 (24%) 45 (43%)
IA2 176 (42%) 45 (43%)
A3 146 (34%) 15 (14%)

ACurrent and past smokers were identified as 20 pack-years and a quit time of <15 years, respectively.
*Signs of malignancy indicate nodules with one or more of the following: lobulation, spiculation, vacuole sign, pleural indentation, vessel convergence sign, or other radiological signs of
malignancy.
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Total patient enrollment with newly diagnosed nodules < 30mm,and
evaluated as intermediate to high risk for lung cancer by physicians from 12

hospitals, between October 2019 and September 2020
n=1663

Previous history of cancer
n=132

Unable to finish biopsy or surgical
for disease evaluation
n=581

Excluded from analysis
n=935

LDCT scans technically inadequate or
unsuitable for Al image analysis
n=222

Qualified patients
n=728

Training cohort from 10 hospitals
n=560

independent validation cohort
from 2 hospitals
n=168

Comparison with other clinical models:

10-fold cross validation

Mayo clinic model & VA model
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Variable/characteristic

Result/No. of patients (%)

Median age, years

Sex

Male

Female

Smoking history

Yes

No

Initial symptoms
Asymptomatic

Cough

Other symptoms

No. of GGNs per patient
2

3-5

6-10

>10

Tumor size of dominant lesion on CT
<10 mm

>10 mm, <20 mm

>20 mm, <30 mm

>30 mm
Average SUV,,,, of dominant lesion on PET/
CT

58 (range, 43-75)

26 (29.9)
61 (70.1)
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Variable/characteristic

Result/No. of patients (%)

Surgical procedure

pGGNs resected

Operation

Ipsilateral

Bilateral

Histological type (219 pGGNs)
AAH

AIS

MIA

AC

Pathological lymph nodal metastasis
No (No)

Yes (N1-2)
Molecular pathology (194 pGGNs)
EGFR wild-type

EGFR mutated

21L858R

21L861Q

19deletion

18G719X

20T790M

20S7681

21L858R+2L62R
21L858R+20T790M
19deletion+21L858R

87 (100)
219

60 (69.0)
27 (31.0)

0 (22.8)
7(21.9)
(21 5)
5 (34.2)
87 (100)
0(0)

78 (42.7)
109 (58.3)
54 (27.8)
(1.5)
44 (22.7)
(1.0
(1.0)
(©.5)
©.
(.
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Nodule size (mm)
Median
Interquartile range
Nodule type
Solid

Non-solid
Part-solid
Unknown
Nodule location
Right upper lobe
Right middle lobe
Right lower lobe
Left upper lobe
Left lower lobe
Others

Unknown
Nodule’s edge
Spiculation
Smooth

unknown

Calcification

No

Yes

Unknown
Stretched pleura
No

Yes

Unknown

Benign nodule

Lung cancer

6.00
(6.00,7.50)

2803
200
362
170

984
497
816
469
720
20
19

491
2946
98
3437

3234
177
124

3213
174
148

%

83.30
5.94
10.76
5.05

28.23
14.26
23.41
13.45
20.65

14.29
85.71

94.81
5.19

94.86
5.14

12.25
(8.00,17.50)

63
48
61

8

67
12
32
41
24
0
4

90
82
8
172

164

125
4
14

%

36.63
27.91
35.47
4.65

38.07
6.82
18.18
23.30
13.64

52.33
47.67

99.39
0.61

75.30
24.70

6.00
(5.00,7.50)

2866
248
423
178

1051
509
848
510
744
20
123

581
3028
106
3609

3398
178
139

3338
215
162

Total

%

81.03
7.01
11.96
5.03

28.70
13.90
23.16
13.93
20.32

16.10
83.90

95.02
4.98

93.95
6.05

P value

<0.001

<0.001

<0.001

<0.001

0.008

<0.001
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Parameter

Model T
Model 11
Model 111
Model IV

AUC

0.863
0.864
0.899
0.946

Thresholds

3.088

Sensitivity (%)

83.5
85.8
732
89.8

Specificity (%)

714
74.3
88.6
87.1

95% CI

0.813~0.914
0.813~0.915
0.857~0.941
0.917~0.975

P-value

<0.001
<0.001
<0.001
<0.001

Model I, morphological parameters; Model I, A in the venous phase; Model I11, combination of morphology and CT value in the venous phase; Model IV, combination of morphology and %

in the venous phase.
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Parameter

AP

CT value

CT enhancement value
Zeff

D

NID

A

vp

CT value

CT enhancement value
Zeff

D

NID

A

AUC

0.704
0.721
0.798
0.811
0.753
0.808

0.760
0.733
0.862
0.857
0.787
0.864

Thresholds

69.47
36.50
7975
1.145
0.110
2.800

82.13
48.65
8.055
1.265
0.297
3.088

Sensitivity (%)

724
63.8
71.7
71.7
68.5
71.7

69.3
65.4
82.7
83.5
79.5
85.8

Specificity (%)

64.3
75.7
82.9
829
74.3
843

78.6
81.4
75.7
74.3
65.7
74.3

95% CI

0.692~0.779
0.641~0.802
0.735~0.860
0.737~0.864
0.683~0.823
0.747~0.869

0.691~0.828
0.656~0.811
0.810~0.913
0.805~0.909
0.721~0.852
0.813~0.915

AP, arterial phase; VP, venous phase; Zeff, effective atomic number; ID, iodine density; NID, normalized iodine density; 2, the slope of spectral curve.

P-value

<0.001
<0.001
<0.001
<0.001
<0.001
<0.001

<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
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Variables
Total
Area

Years

Sex

Age

Educational level

Job

Occupational exposure

Fuels for heating

Fuels for cooking

Smoking

Second-hand smoking

exposure

Drinking

History of respiratory disease
Family history of cancer

Family history of lung cancer

Shijiazhuang
Tangshan
2013-2014
2014-2015
2015-2016
2016-2017
2017-2018
2018-2019
2019-2020

Male

Female

40-

45-

50-

55-

60-

65-

70-

<18.5

18.5-

24-

28-

Junior school and less
Senior high school
College and above
Technician/employee
Farmer

Worker

Others

No

Yes

clean

coal

Other
Natural/liquefied gas
Coal

Other

Never

Smoke

Ever smoke

No

Yes
Never
Current
Former
No

Yes

No

Yes

No

Yes

Numbers of
questionnaire

228891
76508
152383
26171
33616
24124
46942
34942
39937
23159
109946
118945
30630
36604
40565
38939
42795
28800
10558
2090
91013
109451
26337
140559
58757
29575
39267
46041
107990
35593
180570
48321
186540
30374
1977
200943
17127
10821
168602
52564
7725
154473

74418
176367
46718
5806
186420
42471
168441
60448
190626
38265

High-risk

participants (%)

54846
14692 (26.79)
40154 (73.21)
4951 (9.03)
8317 (15.16)
5938 (10.83)
10026 (18.28)
8421 (15.35)
11788 (21.49)
5405 (9.85)
30868 (56.27)
23983 (43.73)
6142 (11.20)
8793 (16.03)
10737 (19.58)
10256 (18.70)
10901 (19.88)
6538 (11.92)
1479 (2.70)
620 (1.13)
20662 (37.67)
26204 (47.78)
7360 (13.42)
30411 (55.45)
15313 (27.92)
9122 (16.63)
10927 (19.92)
9539 (17.39)
27394 (49.95)
6986 (12.74)
27229 (49.65)
27617 (50.35)
41473 (75.62)
11011 (20.08)
2362 (4.31)
42933 (78.28)
9311 (16.98)
2602 (4.74)
13262 (24.18)
39853 (72.66)
1731 (3.16)
14633 (26.68)

40213 (73.32)
25480 (46.46)
27227 (49.64)
2139 (3.90)
19796 (36.09)
35050 (63.91)
18778 (34.24)
36067 (65.76)
24760 (45.14)
30086 (54.86)

LDCT screening
participants (%)

28899
9545 (33.03)
19354 (66.97)
1899 (6.57)
2759 (9.55)
2773 (9.60)
5875 (20.39)
5204 (18.01)
7108 (24.60)
3281 (11.35)
13099 (45.33)
15800 (54.67)
3321 (11.49)
4974 (17.21)
5787 (20.02)
5323 (18.42)
5537 (19.16)
3180 (11.00)
777 (2.69)
279 (0.97)
10797 (37.36)
13878 (48.02)
3945 (13.65)
13938 (48.23)
8913 (30.84)
6048 (20.93)
6711 (23.22)
4539 (15.71)
13761 (47.62)
3888 (13.45)
11889 (41.14)
17010 (68.86)
21258 (73.56)
6291 (21.77)
1350 (4.67)
21436 (74.18)
6245 (21.61)
1218 (4.21)
8583 (29.70)
19450 (67.30)
866 (3.00)
5457 (18.88)

23442 (81.12)
13717 (47.47)
14189 (49.10)
993 (3.44)
6094 (21.09)
22805 (78.91)
5431 (18.79)
23467 (81.21)
8452 (29.25)
20447 (70.75)

Participation
rates (%)

52.69
64.97
48.20
38.36
33.17
46.70
58.60
61.80
60.30
60.70
42.44
65.88
54.07
56.57
53.90
51.90
50.79
48.64
52.54
45.00
52.26
52.96
53.60
45.83
58.21
66.30
61.42
47.58
50.23
55.65
43.66
61.59
51.26
57.13
57.15
49.93
67.07
46.81
64.72
48.80
50.03
37.29

58.29
53.83
52.11
46.42
30.78
65.06
28.92
65.07
33.46
67.96

P value

<0.001

<0.001

<0.001

<0.001

0.002

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

*BMI, Body mass index.
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Variables

Age

40-

45-

50-

55-

60-

65-

70-
Sex

Male

Female
Educational level

Junior school and less

Senior high school

College and above
Job

Technician/employee

Farmer

Worker

Others
Occupational exposure

No

Yes
Smoking

Never

Smoke

Ever smoke
Second-hand smoking exposure

No

Yes
History of respiratory disease

No

Yes
Family history of lung cancer

No

Yes

Model 1* Model 2*

OR 95%Cl P value OR 95%Cl P value
Reference Reference

1.24 1.16-1.33 <0.001 1.18 1.1-1.27 <0.001

1.23 1.15-1.32 <0.001 1.16 1.08-1.25 <0.001

1.31 1.22-1.41 <0.001 1.27 1.18-1.36 <0.001

1.38 1.28-1.48 <0.001 1.28 1.19-137 <0.001

1.34 1.24-1.45 <0.001 1.16 1.07-1.26 <0.001

1.45 1.27-1.64 <0.001 1.02 0.9-1.17 0.707
Reference Reference

1.30 1.28-1.37 <0.001 1.40 1.33-1.48 <0.001
Reference Reference

1.37 1.31-1.43 <0.001 1.24 1.18-1.29 <0.001

1.67 1.57-1.78 <0.001 1.56 1.46-1.66 <0.001
Reference Reference

0.83 0.78-0.9 <0.001 0.70 0.65-0.76 <0.001

0.84 0.79-0.89 <0.001 0.88 0.83-0.93 <0.001

0.95 0.88-1.01 0.119 0.88 0.82-0.94 <0.001
Reference Reference

1.31 1.26-1.37 <0.001 1.45 1.39-1.51 <0.001
Reference Reference

0.77 0.73-0.82 <0.001 0.87 0.81-0.92 <0.001

0.77 0.68-0.86 <0.001 0.83 0.74-0.93 0.002
Reference Reference

1.26 1.2-1.32 <0.001 1.14 1.08-1.19 <0.001
Reference Reference

1.81 1.72-1.89 <0.001 1.74 1.66-1.83 <0.001
Reference Reference

1.50 1.41-1.60 <0.001 1.62 1.62-1.73 <0.001

*Adjusted for married condition, BMI, fuels for heating, fuels for cooking, drinking, and family history of any cancer.

*Adjusted for areas, year of recruitment, married condition, BMI, fuels for heating, fuels for cooking, drinking, and family history of any cancer.
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Characteristics

Location, n (%)
Distribution

Peripheral

Central

Lobe location

Right upper lobe

Right middle lobe

Right lower lobe

Left upper lobe

Left lower lobe
Diameter, mean (SD)
Long-axis diameter (cm)
Short-axis diameter (cm)
Margin, n (%)

Contour (Irregular)
Border definition (poorly)
Lobulation (Y)

Spicule (Y)

Internal, n (%)

Air bronchogram (Y)
Vacuole sign (Y)

Vessel convergence (Y)
Liquefactive necrosis (Y)
Calcification (Y)

Other, n (%)

Pleural indentation (Y)
Mediastinal/hilar lymphadenopathy (Y)
Lung atelectasis and/or obstructive pneumonia (Y)

Vascular involvement (Y)

AC, adenocarcinoma; SC, squamous cell carcinoma; Y, yes.
Values in bold indicate statistical significance, p < 0.05.

AC

83 (65.4)
44 (34.6)

27 (21.3)
33 (26.0)
23 (18.1)
29 (22.8)
15(11.8)

4.28 (1.67)
3.00 (1.55)

46.5)
51.2)
59.8)
71 (55.9)

59 (
65 (
76 (
(

73 (57.5)
28 (22.0)
86 (67.7)
51 (40.2)
15 (11.8)

54 (42.5)
60 (47.2)
11 (8.7)
12 (9.4)

SC

12 (17.1)
58 (89.2)

10 (14.3
17 (243
16 (22.9
19 (27.1
8(11.4)

)
)
)
)

4.73 (1.92)
3.19 (1.31)

41 (58.6)
46 (65.7)
30 (42.9)
25 (35.7)

22 (31.4)
3(43)
44 (62.9)
36 (51.4)
15 (21.4)

23 (329
25 (35.7,
16 (22.9,

)
)
)
22 (314)

P-value

<0.001

0.525
0.948
0.626
0.697

0.087
0.394

0.105

0.023
0.007

0.001
0.003
0.491
0.128
0.076

0.185

0.119

0.007
<0.001

Univariate OR
(95% CI)

9.117 (4.433, 18.751)

Reference

1.440 (0.468, 4.430)
1.035 (0.366, 2.925)
0.767 (0.263, 2.234)
0.814 (0.289, 2.291)

Reference

0.867 (0.736, 1.021)
0.918 (0.755, 1.117)

0.614 (0.340, 1.107)

1.987 (1.100, 3.590)
2282 (1.251, 4.164)

2.949 (1.594, 5.456)
6.316 (1.846, 21.618)
1.239 (0.673, 2.284)
0.643 (0.352, 1.141)
0.491 (0.224, 1.077)

1.512 (0.821, 2.783)
1.612 (0.884, 2.938)
0.320 (0.139, 0.736)
0.228 (0.104, 0.497)

P-value

0.007

0.528
0.198

0.004
0.047

0.536
0.047

Multivariable OR

(95% CI)

4.370 (1.485-12.859)

Reference

1.406 (0.448-4.049)
2.037 (0.690-6.017)

5.339 (1.729-16.484)
7.330 (1.030-52.184)

1.778 (0.287-11.003)
5.121 (1.018-25.749)
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Variable

No. of patients

Age, mean (SD)

Man

Woman

Sex, n (%)

Male

Female

Diagnostic technique, n (%)
Transbronchial biopsy
CT-guided biopsy
Surgery

AC, adenocarcinoma; SC, squamous cell carcinoma.

AC

127

63.8 (9.5)
64.4(9.0)
63.3 (10.2)

67 (52.8)
60 (47.2)

11(8.7)
49 (38.6)
67 (52.8)

SC

70

62.5 (8.4)
63.2(8.1)
55.0 (8.2)

64 (91.4)
6 (8.6)

17 (24.3)
24 (34.3)
29 (41.4)

Statistic

-0.969

30.294

9.164

P-value

0.334

<0.001

0.010
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Variable OR % C])) p-value

VP-L —— 7.011 (3.336-14.695) <0.001
Vascular involvement (Y) 5.121 (1.018-25.749) 0.047
Lung atelectasis and/or obstructive pneumonia (Y) +Ha————— 1.778 (0.287-11.003) 0.536
Spicule (Y) : 2.037 (0.690-6.017) 0.198
Lobulation (Y) Fe— 1.406 (0.488-4.049) 0.528
vacuole sign (Y) PP—/mrm—wF - —"—b7"yrbr—77— "7 >~ ———i 7.330 (1.030-52.184) 0.047
Air bronchogram (Y)
Distribution (peripheral) i 4.370 (1.485-12.859) 0.007
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Characteristics EGFR wild EGFR mutation p-value

Gender 0.004*
Male 176 (46.6) 142 (36.2)

Female 202 (53.4) 250 (63.8)

Age 57.5 (18.0) 60.0 (16.0) 0.004*
Invasive Degree <0.001*
Non-invasive 64 (16.9) 27 (6.9)

Micro-invasive 158 (41.8) 131 (33.4)

Invasive 166 (41.3) 234 (89.7)

Location 0.248
RUL 137 (36.2) 145 (37.0)

RML 23 (6.1) 39 (9.9

RLL 64 (16.9) 59 (15.1)

LUL 98 (25.9) 103 (26.3)

LLL 56 (14.8) 46 (11.7)

Cancer density <0.001*
Pure GGO 72 (19.0) 29 (7.4)

Mixed GGO 221 (58.5) 313 (79.8)

Solid 85 (22.5) 50 (12.8)

Border 0.121
Well-define 271 (71.7) 254 (64.8)

Less-define 61(16.1) 79 (20.2)

lI-define 46 (12.2) 59 (15.1)

Vacuolation <0.001*
Present 112 (29.6) 202 (51.5)

Absent 266 (70.4) 190 (48.5)

Air Bronchogram <0.001*
Present 120 (31.7) 194 (49.5)

Absent 258 (68.3) 198 (50.5)

Spiculation 0.025*
Short 77 (20.4) 99 (25.3)

Deep 26 (6.9) 32(8.2)

Mixed 60 (15.9) 81(20.7)

Absent 215 (56.9) 180 (45.9)

Lobulation 0.133
Shallow 125 (33.1) 114 (29.1)

Deep 4(1.1) 11 (2.8)

Mixed 248 (65.6) 263 (67.1)

Absent 1(03) 4(1.0)

Halo 0.006*
Present 46 (12.2) 76 (19.4)

Absent 332 (87.8) 316 (80.6)

Vascular- Alteration 0.675
Present 191 (50.5) 204 (52.0)

Absent 187 (49.5) 188 (48.0)

Pleural- Indentation <0.001*
Present 133 (35.2) 187 (47.7)

Absent 245 (64.8) 205 (52.3)

Umbilicated- Indentation 0.001*
Present 29 (7.7) 59 (15.1)

Absent 349 (92.3) 333 (84.9)

Smoke History 0.020*
Yes 172 (45.5) 146 (37.2)

No 206 (54.5) 246 (62.8)

RUL, right upper lobe; RML, right middle lobe; RLL, right lower lobe; LUL, left upper lobe; LLL, left lower lobe; GGO, ground glass opacity; Categorical variables (e.g. gender) are expressed
by a number (percentage), continuous variables (e.g. age) are expressed by the Median (interquartile range). *p<0.05 (significant), P-values taken with three decimal places equal to 0.000
are expressed as <0.001.

The bolded values in the left column refer to the clinical-radiological features included in the statistical analysis of this study, and the bolded values in the right column refer to the P values,
with P less than 0.05 as the criterion to evaluate whether they are statistically significant and whether they are included in the subsequent statistical sub-analysis. The data are bolded for the
purpose of making them more prominent and clear only.
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(DAl patients were scanned by dual-layer detector
spectral CT before treatment.

(@The short diameter of tumor focus was more than
2 cmin all patients.

(@No clinical antineoplastic treatment was given

before enrollment.

@Complete clinical and DLCT data.

®Patients can underwent the CT scan with the
breath holding and the image quality is satisfactory.
(®No other cancer history.

656 patients underwent chest DLCT scan
from August 1st 2020 to March 31st 2021 with follow

pathological diagnosis

Inclusion criteria
- -

Before pathological examination

DLCT scanning

(Non-enhanced scanning dual-phase
contrast enhanced)

DLCT Imaging analysis

11 excluded-poor image

quality, 41 excluded-focal ! ¢
necrosis more than 1/2 of the ¥
maximum cross-sectional area §

Imaging data were obtained
(Morphological parameters and
spectral parameters)

History-taking
(429 patients with lung cancer were collected)

After pathological examination

Diagnostic technique:
transbronchial biopsy, CT guided
biopsy and surgery

Pathological specimens
were sampled and stained
with Hand E

Obtain pathological type

197 patients with lung cancer
were enrolled in this study

Statistical analysis

Exclusion criteria (DPatients with hyperthyroidism were not cured.
- - w=p (History of allergy to iodine contrast medium.
®@Complication of heart, liver, kidney and other
important organ damage.

e e e -----
1 78 excluded-no pathological |
§ results or previous treatment !
i were excluded [}

1 57 excluded-patients without lung

1 adenocarcinoma and squamous cell
| carcinoma; 45 excluded-lymph

L nodes and/or distant metastases.
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Characteristic (O8] CSS

HR 95% CI P HR 95% CI P

Age, years 1.026 1.013-1.039 <0.001 1.029 1.015-1.043 <0.001
Sex 0.527 0.586
Male 1 1

Female 1.040 0.920-1.176 1.036 0.913-1.176

Ethnicity <0.001 <0.001
Caucasian 1 1

African 1171 0.989-1.387 1.164 0.977-1.387

Other 0.670 0.561-0.800 0.664 0.553-0.798

Marital status 0.204 0485
Married 1 1

Other 1.085 0.957-1.230 1.047 0.920-1.192

Tumor location 0.113 0.118
UL 1 1

ML 0.785 0.594-1.038 0.779 0.583-1.041

LL 0.863 0.743-1.003 0.867 0.742-1.013

Other 0.995 0.844-1.174 1.016 0.857-1.204

Surgery <0.001 <0.001
No 1 1

Yes 0.459 0.349-0.604 0.406 0.301-0.549

Chemotherapy <0.001 <0001
No 1 1

Yes 1.948 1.668-2.275 1.959 1.667-2.302

Radiotherapy 0553
No 1

Yes 1.050 0.893-1.235

Histology 0.029 0.055
ADC X 1

SCC 1.260 1.022-1.552 1.226 0.986-1.524

Other 1.159 0.999-1.343 1.160 0.996-1.351

Grade <0.001 <0.001
Well 1 1

Moderately 2.109 1.292-3.442 2.114 1.261-3.544

Poorly 2.533 1.574-4.077 2.608 1.580-4.307

Undifferentiated 4.025 2.198-7.369 4.194 2.234-7.873

Unknown 2.241 1.399-3.589 2.240 1.362-3.682

T category <0.001 <0.001
T1 1 1

32 0.951 0.803-1.128 0.956 0.802-1.139

T3 1.203 1.000-1.448 1.209 0.998-1.464

T4 1.423 1.193-1.699 1.426 1.188-1.713

N category <0.001 <0.001
NO 1 1

N1 1.395 1.074-1.811 1.347 1.024-1.772

N2 1.409 1.179-1.685 1.420 1.180-1.709

N3 1.625 1.336-1.977 1.633 1.333-2.000

M category 0.004 <0.001
la 1 1

1b 1110 0.912-1.351 1.347 1.024-1.772

lc 1.158 0.870-1.540 1.420 1.180-1.709

1 1.401 1.148-1.709 1.633 1.333-2.000

Bone metastasis 0.039 0.061
No 1 1

Yes 1.192 1.009-1.408 1.183 0.992-1.410

Liver metastasis 0.134 0.116
No 1 1

Yes 1.149 0.958-1.379 1.164 0.963-1.406

LASSO, least absolute shrinkage and selection operator; NSCLC, non-small cell lung cancer; PSM, propensity score matching; UL, upper lobe; ML, middle lobe; LL, low lobe; ADC,
adenocarcinoma; SCC, squamous cell carcinoma,
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Characteristic Before PSM After PSM

<45 (N = 1,390) >45 (N = 47,217) P <45 (N = 1,320) >45 (N = 2,589) P

Sex <0.001 1.000
Male 679 (48.8) 25,887 (54.8) 652 (49.4) 1,278 (49.4)

Female 711 (51.2) 21,330 (45.2) 668 (50.6) 1,311 (50.6)

Surgery <0.001 0.334
No 1,264 (90.9) 45,124 (95.6) 1,230 (93.2) 2,433 (94.0)

Yes 126 (9.1) 2,093 (4.4) 90 (6.8) 156 (6.0)

Chemotherapy <0001 0938
No 257 (18.5) 18,399 (39.0) 242 (18.3) 472 (18.2)

Yes 1,133 (81.5) 28,818 (61.0) 1,078 (81.7) 2,117 (81.8)

Radiotherapy <0001 0618
No 1,089 (78.3) 41,643 (88.2) 1,064 (80.6) 2,104 (81.3)

Yes 301 (21.7) 5,574 (11.8) 256 (19.4) 485 (18.7)

Histology <0.001 0.954
ADC 926 (66.6) 26,715 (56.6) 895 (67.8) 1,768 (68.3)

SCC 125 (9.0) 9,999 (21.2) 116 (8.8) 224 (8.7)

Other 339 (24.4) 10,503 (22.2) 309 (23.4) 597 (23.1)

Grade 0.167 0210
Well 50 (3.6) 1,344 (2.8) 47 (3.6) 95 (3.7)

Moderately 190 (13.7) 6,618 (14.0) 176 (13.3) 285 (11.0)

Poorly 387 (27.8) 14,058 (29.8) 364 (27.6) 725 (28.0)

Undifferentiated 29 (2.1) 770 (1.6) 25(1.9) 38 (1.5)

Unknown 734 (52.8) 24,427 (51.7) 708 (53.6) 1,446 (55.9)

TNM stage <0.001 0.936
IVA 744 (53.5) 29,315 (62.1) 719 (54.5) 1,426 (55.1)

IVB 321 (23.1) 7,608 (16.1) 294 (22.3) 568 (21.9)

v 325 (23.4) 10,294 (21.8) 307 (23.3) 595 (23.0)

T category 0.005 0.999
T1 346 (24.9) 10,822 (22.9) 330 (25.0) 650 (25.1)

T2 412 (29.6) 15,680 (33.2) 404 (30.6) 796 (30.7)

T3 260 (18.7) 9,410 (19.9) 241 (18.3) 470 (18.2)

T4 372 (26.8) 11,305 (23.9) 345 (26.1) 673 (26.0)

N category <0001 0.899
NO 266 (19.1) 11,708 (24.8) 255 (19.3) 495 (19.1)

N1 110 (7.9) 4,119 (8.7) 95 (7.2) 171 (6.6)

N2 639 (46.0) 21,612 (45.8) 617 (46.7) 1,231 (47.5)

N3 375 (27.0) 9,778 (20.7) 353 (26.7) 692 (26.7)

M category <0.001 0.988
la 259 (18.6) 12,472 (26.4) 250 (18.9) 495 (19.1)

1b 485 (34.9) 16,842 (35.7) 469 (35.5) 931 (36.0)

lc 321 (23.1) 7,608 (16.1) 294 (22.3) 568 (21.9)

1 325 (23.4) 10,295 (21.8) 307 (23.3) 595 (23.0)

Bone metastasis <0.001 0.926
No 780 (56.1) 28,782 (61.0) 751 (56.9) 1,477 (57.0)

Yes 610 (43.9) 18,435 (39.0) 569 (43.1) 1,112 (43.0)

Brain metastasis <0.001 0.732
No 854 (61.4) 33,743 (71.5) 816 (61.8) 1,615 (62.4)

Yes 536 (38.6) 13,474 (28.5) 504 (38.2) 974 (37.6)

Liver metastasis 0.097 0.547
No 1,126 (81.0) 39,056 (82.7) 1,085 (82.2) 2,148 (83.0)

Yes 264 (19.0) 8,161 (17.3) 235 (17.8) 441 (17.0)

Intrapulmonary metastasis 0.710 0.818
No 955 (68.7) 32,661 (69.2) 913 (69.2) 1,800 (69.5)

Yes 435 (31.3) 14,556 (30.8) 407 (30.8) 789 (30.5)

NSCLC, non-small cell lung cancer; PSM, propensity score matching; ADC, adenocarcinoma; SCC, squamous cell carcinoma; TNM, tumor-node-metastasis.
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Variables

Different radiology
pGGO

mGGO

SN

Different histology
AlIS

MIA

IAC

Different size
<10mm

<10mm, <20mm
>20mm

Total

%88

888

70
59
32

WT

34 (50.0)
13 (19.1)
6 (24.0)

22 (61.1)
13 (44.8)
18 (18.7)

34 (48.6)
16 (27.1)
3(9.4)

EGFR+

34 (50.0)
55 (80.9)
19 (76.0)

14 (38.9)
16 (55.2)
78 (81.3)

36 (51.4)
43 (72.9)
29 (90.6)

P-value

0.000

0.000

0.000

L858R

15 (44.1)
33 (60.0)
9 (47.4)

7 (50.0)
8 (50)
42 (53.8)

17 (47.2)
24 (55.8)
16 (55.2)

19Del

14 (41.2)
14 (25.5)
5(26.3)

5(35.7)
5(31.3)
23 (29.5)

12 (33.3)
14 (32.6)
7 (24.1)

Other”

5(14.7)
8 (14.5)
5(26.3)

2(14.3)
3(18.7)
13 (16.7)

7 (19.5)
5(11.6)
6 (20.7)

P-value

0.386

0.959

0.749

SN, solid nodule; pGGO, pure ground-glass opacity; mGGO, mixed ground-glass opacity; AlS, adenocarcinoma in situ; MIA, minimally invasive adenocarcinoma; IAC, invasive
adenocarcinoma; Refers to other rare mutations including L861Q, G719X, 20Ins and T790M.
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AC SC t-value P-value

Plain CT value, mean (SD) 34.12 (12.75) 30.07 (13.10) 0.545 0.586
AP, mean (SD)

AP-CT value (Hu) 76.37 (12.17) 67.43 (11.67) 5.006 <0.001
AP-enhancement value (Hu) 40.44 (9.02) 34.36 (15.22) 3.520 <0.001
Zeff 8.07 (0.23) 7.85 (0.16) 8.024 <0.001
D 141 (047) 0.94 (0.28) 8.683 <0.001
NID 0.13 (0.04) 0.09 (0.03) 5.482 <0.001
A 3.42 (1.10) 2.33 (0.69) 8.579 <0.001
VP, mean (SD)

VP-CT value (Hu) 87.47 (14.60) 75.03 (11.55) 6.148 <0.001
VP-enhancement value (Hu) 51.54 (12.94) 41.95 (16.51) 4.504 <0.001
Zeff 8.26 (0.23) 7.96 (0.16) 10.962 <0.001
D 1.78 (0.51) 1.16 (0.30) 10.859 <0.001
NID 0.39 (0.13) 0.29 (0.08) 7.354 <0.001
r 442 (1.28) 2.85(0.72) 11.009 <0.001

AC, adenocarcinoma; SC, squamous cell carcinoma; AP, arterial phase; VP, venous phase; Zeff, effective atomic number; 1D, iodine density; NID, normalized iodine density; 2, the slope of
spectral curve.
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Variables Number (%) Mean value

Age (years) 58.6+8.40
>60 29 (41.4)
<60 41 (58.6)

Sex
Male 22 (31.4)

Female 48 (68.6)

Smoking status
Current and former 16 (22.9)

Never 54 (77.1)

Family history of tumor
Yes 11 (15.7)

No 59 (84.3)

Comorbidity
Yes 26 (37.1)

No 44 (62.9)

Preoperative CEA level 3.42+1.33
5.0 ng/ml 10 (14.3)
<5.0 ng/ml 60 (85.7)

Ejection fraction 63.23+3.57
>60 58 (82.9)

55-59 12 (17.1)

FEV1 (L) 2.74:0.53
p-FEV1% 97.34+15.91
>100 18 (25.7)

80-100 39 (55.7)
<80 13 (18.6)

Distribution of tumors
Unilateral 58 (82.9)

Bilateral 12 (17.1)

Number of tumors
2 54 (77.1)

3 11 (15.7)
>4 5(7.2)

Highest pT
T 57 (81.4)

T2 13 (18.6)

Highest pN
NO 63 (90.0)

N1-2 7 (10.0)

Adjuvant therapy
Yes 8(11.4)

No 62 (88.6)
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Variables

Total number of tumors

Tumor characteristics (mm)

pGGO
mGGO
SN

Size of tumors (mm)
<10mm
<10mm, <20mm
>20mm

Tumor type pattern per patient

Multiple pGGO
Multiple mGGO
pGGO+mGGO
SN+GGO
Multiple SN
Location of tumors
RUL
RML
RLL
LuUL
LLL
Location of lobe
Same lobe
Different lobe
Histology in all tumors
Als
MIA
IAC
EGFR in all tumors
WT
Mutation
L858R
19Del
Double mutations®
other

Number (%)

161

68 (42.2)
68 (42.2)
25 (15.6)

70 (43.5)
59 (36.6)
32 (19.9)

11(15.7)
9 (12.9)
30 (42.9)
17 (24.3)
3(4.2)

64 (39.8)
18 (11.2)
33 (20.4)
27 (16.8)
19 (11.8)

23 (32.9)
47 (67.1)

36 (22.4)
29 (18.0)
96 (59.6)

53 (32.9)
108 (67.1)
57 (35.4)
33 (20.5)
5(3.1)
13 (8.1)

Mean value

12.52+8.06
19.27+8.21
31.29+11.88
20.67+11.7

SN, solid nodule; pGGO, pure ground-glass opacity; mGGO, mixed ground-glass opacity; RUL, right upper lobe; RML, right middle lobe; RLL, right lower lobe; LUL, left upper lobe; LLL,

Left lower lobe; AlS, adenocarcinoma in situ; MIA, minimally invasive adenocarcinoma; IAC, invasive adenocarcinoma.
There are two types of mutations in a tumor.
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Variables Number

Surgical procedure

Unilateral

Single lobectomy

Lobectomy-wedge resection

Wedge resection-wedge resection
Segmentectomy-wedge resection
Lobectomy-lobectomy
Lobectomy-segmentectomy
Segmentectomy-segmentectomy

Single segmentectomy

Bilateral

Segmentectomy-wedge resection
Lobectomy-wedge resection
Segmentectomy-segmentectomy
Lobectomy-segmentectomy
Lobectomy+segmentectomy-wedge resection
Perioperative results

Operation time (min) 205.88+61.94
Intraoperative blood loss (ml) 273.83+238.60
Postoperative chest tube duration (day) 6.76 + 3.80
Daily drainage of chest tube (ml) 163.58 + 28.93
Postoperative hospital stay (day) 8.43 + 3.56
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Patients with synchronous multiple
lung adenocarcinomas underwent
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2015 and December 2019 (n=110)
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