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Abstract
Background  Some patients with non-small cell lung cancer (NSCLC) experience early relapse within 2 years post-surgery. 
Screening patients who are prone to recurrence is crucial. This study aimed to determine factors influencing early recur-
rence within 2 years of surgery for stage IA–IIA NSCLC and to establish a prediction model.
Methods  We retrospectively analyzed the hematological indices and imaging indicators of patients with stage IA–IIA 
NSCLC who underwent surgery at our hospital, and relevant clinical data were obtained through long-term follow-up 
from September 2019 to September 2020. Least absolute shrinkage and selection operator (LASSO) regression and 
univariate and multivariate Cox regression analyses were used to identify high-risk factors influencing postoperative 
recurrence, establish a predictive model, and construct a nomogram associated with recurrence-free survival.
Results  Among 186 patients (90 male and 96 female), 29 (15.6%) experienced recurrence or metastasis during the 
follow-up period. Univariate analysis identified several significant factors, including tumor size, direct bilirubin, indi-
rect bilirubin, albumin, globulin, serum creatinine, platelet-lymphocyte ratio, lymphocyte-monocyte ratio, prognostic 
nutrition index, albumin-alkaline phosphatase ratio, marginal lobulation, air bronchogram sign, pathological type of 
squamous cell carcinoma, tumor stage IB, and solid nodules. LASSO regression was used to further select variables and 
construct a multivariate Cox model showing globulin levels, air bronchogram signs, and solid nodules as independ-
ent prognostic factors for early recurrence within 2 years in patients with stage IA–IIA NSCLC. The Cox model stratified 
patients into high- and low-risk groups and was validated by Kaplan–Meier survival analysis, which demonstrated that 
high-risk patients had a significantly lower survival rate than low-risk patients, demonstrating the robust discriminative 
power of the predictive model.
Conclusion  Globulin content, air bronchogram signs, and solid nodules were independent prognostic factors for early 
recurrence within 2 years in patients with stage IA–IIA NSCLC. The proposed model, developed based on the above fac-
tors and the albumin-alkaline phosphatase ratio, can effectively predict recurrence risk, potentially aiding clinicians in 
quantifying prognostic risk, making personalized survival assessments, and devising the most effective treatment plans.
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Abbreviations
AAPR	� Albumin-alkaline phosphatase ratio
AUC​	� Area under the curve
CI	� Confidence Interval
CT	� Computed tomography
DCA	� Decision curve analysis
GGN	� Ground-glass nodule
GGO	� Ground-glass opacity
HR	� Hazard ratio
LASSO	� Least absolute shrinkage and selection operator
LMR	� Lymphocyte-monocyte ratio
NLR	� Neutrophil-lymphocyte ratio
NSCLC	� Non-small cell lung cancer
OR	� Odds ratio
PLR	� Platelet-lymphocyte ratio
PNI	� Prognostic nutrition index
RFS	� Recurrence-free survival
ROC	� Receiver operating characteristic
SCLC	� Small cell lung cancer
SD	� Standard deviation

1  Introduction

Lung carcinoma is a common malignancy and the primary contributor to cancer-associated fatalities. Despite significant 
advancements in treatment, the average five-year survival rate for patients with lung cancer remains alarmingly low at 
only 15% [1]. Lung cancer is classified into two main histological types: small-cell lung cancer (SCLC), which accounts for 
approximately 15% of lung cancer cases, and non-small cell lung cancer (NSCLC), which constitutes approximately 85% 
of lung cancer cases. NSCLC can be further subdivided into three primary subtypes: adenocarcinoma, squamous cell 
carcinoma, and large cell carcinoma [2]. Treatment may differ depending on the tumor type and stage. Surgery remains 
the primary treatment choice for early stage NSCLC, including stages I–IIA [3]. Unlike SCLC, the spread and metastasis 
of NSCLC occur relatively late. Complete surgical resection offers a cure for patients with early stage NSCLC. However, 
approximately 30–75% of these patients experience postoperative recurrence [4]. Some patients relapse within 2 years, 
with a worse prognosis [5]. Therefore, early screening of high-risk groups prone to early recurrence and timely interven-
tion are imperative for improving the prognosis of these patients.

Traditional methods of evaluating cancer prognosis mainly depend on the tumor node metastasis stage and smoking 
status of the patient. For example, compared with SCLC, NSCLC generally has a higher five-year survival rate and lower 
early recurrence rate; compared with patients with lung cancer who do not smoke, patients with lung cancer who smoke 
usually have a lower five-year survival rate [6]. However, the prognosis of patients with cancer at the same stage is not 
identical. In addition to these traditional features, several routine clinical indicators, including serological and blood 
cytological indicators, the lymphocyte-monocyte ratio (LMR), platelet-lymphocyte ratio (PLR), neutrophil–lymphocyte 
ratio (NLR), albumin-alkaline phosphatase ratio (AAPR), and prognostic nutrition index (PNI), have been demonstrated to 
correlate with the prognosis of lung carcinoma [7–12]. Moreover, advancements in computed tomography (CT) have led 
to the identification of features that predict the prognosis of patients with tumors. Several high-risk CT features associ-
ated with lung cancer recurrence have been proposed [13]. However, the prognostic value of combining hematological 
indices with imaging features in lung cancer remains uncertain.

Predictive models are widely recognized as reliable tools for evaluating prognosis and aiding in clinical decision-
making for various malignant tumors, including uterine squamous cell, prostate, pulmonary, and gastric carcinomas 
[14–17]. Therefore, this study aimed to evaluate the prognostic significance of hematological parameters and CT imaging 
features in predicting early recurrence of stage IA–IIA lung cancer within 2 years. Additionally, we sought to establish a 
prognostic model based on blood cytological parameters and high-risk CT imaging features. This model could aid in the 
identification of patients at a high risk of early recurrence, allowing for timely intervention to improve patient outcomes.
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2 � Materials and methods

2.1 � Source of patient data

Between September 2019 and September 2020, we collected the clinical and pathological data of patients with stage 
IA–IIA NSCLC who underwent surgical treatment at the Department of Thoracic Surgery, First Affiliated Hospital, Uni-
versity of Science and Technology, China. This study was reviewed and approved by the institutional Ethics Committee.

2.2 � Inclusion and exclusion criteria

The inclusion criteria were as follows: (1) no history of preoperative radical radiotherapy or chemotherapy, (2) radical 
resection performed, and (3) patients with stage IA–IIA NSCLC pathologically diagnosed post-surgery.

The exclusion criteria were as follows: (1) patients with other systemic tumors, (2) patients with multiple lung cancers 
and metastatic lung cancers, (3) patients without preoperative chest CT, and (4) patients with incomplete follow-up and 
medical records.

Between September 2019 and September 2020, 699 patients with stage IA–IIA NSCLC were diagnosed at the Depart-
ment of Thoracic Surgery of our hospital. A total of 191 patients were lost to follow-up; 281 had missing chest CT imaging 
data before surgery, and 41 had incomplete preoperative serological and blood cytological examinations. Therefore, 
these patients were excluded from this study. A total of 186 patients (90 men and 96 women) met the inclusion criteria 
and were included in the study.

2.3 � Collection of clinical and follow‑up data

Clinical data, including patient name, sex, tumor stage, and surgical method, were collected from the electronic medical 
record system of our hospital. Each patient was assessed based on the classification outlined in the eighth edition of the 
American Joint Committee on Cancer Staging Compendium. All pathological diagnoses were performed by patholo-
gists with several years of experience, and the recurrence of the disease was unknown. Patients were followed-up by 
telephone, and prognostic information was collected. The follow-up period was 24 months.

2.4 � Definition of outcome

The main outcome index of this study was the diagnosis of recurrence within 24 months of thoracic surgery. Chest CT 
was performed every 3 months for 24 months after surgical resection. If recurrence was detected, the radiologist assisted 
in the joint assessment to determine the patient’s outcome. The interval devoid of recurrence, herein referred to as the 
recurrence-free period, was operationally defined as the duration from the day after the surgical intervention to the 
point at which either recurrence manifested or until the final follow-up date. Early recurrence, delineated by the reap-
pearance of neoplastic growth within the initial 24 months of postoperative intervention, is a distinctive hallmark [18].

2.5 � CT features

All CT images were consistently evaluated by two chest radiologists who were aware that all patients had been diag-
nosed with lung cancer; however, the pathological outcomes and recurrence were unclear. The imaging features used 
for analysis included tumor location, lobulated border, spiculated margin, air bronchogram, bronchovascular bundle 
thickening, pleural retraction, nodule type, nodule shape, cavity formation, central low density, peritumoral interstitial 
thickening, and pleural contact (defined as a tumor-pleural contact length >1/4 tumor perimeter). According to the 
proportion of ground-glass opacity (GGO), nodules were divided into pure ground-glass nodule (GGN), partial GGN, and 
solid nodules. GGO is characterized by a hazy area that does not obscure the underlying vascular or bronchial structures.

The final results were determined by averaging the measurements from the two reviewers. If the discrepancy between 
the two measurements exceeded 5%, a third measurement was conducted by consensus and used as the final result. 
(Air Bronchogram: A radiographic feature indicating air-filled bronchi within a consolidation area. Solid Nodule: A lung 
nodule without ground-glass opacity, indicative of higher malignancy risk. GGO: hazy lung region that retains bronchial 
and vascular markings).
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2.6 � Predictive variables

The following variables were included as predictive variables and further analyzed to complete the model: age, sex, 
surgery type (lobectomy, partial or pneumonectomy), pathological type (adenocarcinoma, squamous cell carcinoma, 
carcinoma in situ, or other), stage (IA1, IA2, IA3, IB, or IIA), tumor size, γ-glutamyl transpeptidase, glutamic oxaloacetic 
transaminase, alkaline phosphatase, direct bilirubin, globulin, glutamic pyruvic transaminase, indirect bilirubin, serum 
creatinine, albumin, urea nitrogen, uric acid, blood glucose, carbon dioxide, monocyte count, neutrophil count, lym-
phocyte count, hemoglobin levels, platelet count, NLR, PLR, LMR, PNI, AAPR, tumor location (upper, middle, or lower 
lobes), lobulated border (yes or no), spiculated margin (yes or no), air bronchogram (yes or no), bronchovascular bundle 
thickening (yes or no), pleural retraction (yes or no), nodule type (solid nodule, partially GGN, or pure GGN), nodule shape 
(round, oval, or other), cavity (yes or no), central low density (yes or no), peritumor interstitial thickening (yes or no), 
pleural contact (yes or no). These 41 variables were incorporated into subsequent examinations as prospective predictors.

2.7 � Selection of variables

To ascertain potential risk factors associated with early recurrence in individuals diagnosed with NSCLC, each predictive 
variable was integrated into a least absolute shrinkage and selection operator (LASSO) regression analysis within the 
designated training dataset. Through a cross-validated LASSO regression analysis, the magnitudes of the regression 
coefficients were penalized to mitigate the risk of overfitting by variables in the training dataset. The coefficients of the 
factors with low correlation were reduced to zero under punishment to select predictive variables with the greatest 
impact for further analysis.

2.8 � Model development and verification

The model was developed using Cox proportional hazards regression analysis. The validity of the estimator was confirmed 
by testing and verifying the Cox proportional hazards hypothesis. The complete dataset was partitioned into training 
and testing datasets at a 60:40 ratio through random sampling. Subsequently, a Cox regression model was developed 
using the training dataset. To evaluate the efficacy of the model, a predictive algorithm was employed to compute the 
risk assessment of individual patients within the training cohort. Subsequently, individuals in the testing subset were 
categorized into high- and low-risk cohorts according to the median risk score generated using the Cox proportional 
hazards model. Kaplan–Meier analysis was used to draw survival curves, and working characteristic (receiver operating 
characteristic [ROC]) curves of the participants at 6, 12, and 18 months were drawn to evaluate the accuracy of prognosis. 
To visualize and quantify the impact of the variables on recurrence-free survival (RFS) rates at 6-month, 12-month, and 
18-month, a nomogram was constructed and verified.

2.9 � Statistical analysis

Continuous variables are presented as mean ± standard deviation (SD) for normally distributed data, whereas non-nor-
mally distributed data are presented as median with interquartile range. Categorical variables are presented as frequen-
cies and percentages within each group. Dummy variables were created for four non-ordered categorical variables: 
pathological type, tumor location, tumor nature, and tumor shape. LASSO regression analysis was employed to identify 
predictors correlated with RFS. Cox regression was used to develop a prediction model that was visualized using a 
nomogram. Finally, column-line plots were examined using calibration curves. Survival curves were generated using 
Kaplan–Meier analysis.

Statistical analyses were performed using R software version 4.2.2, which can be accessed at https://​www.r-​proje​ct.​
org/. The following R packages were used: tidyverse and flextable for data description and trilinear table plotting, respec-
tively; survivor, caret, glmnet, survminer, limma, and time ROC for LASSO regression screening of independent variables 
and Cox model construction and validation; and regplot and RMS for column line plotting and evaluation, respectively. 
Statistical significance was set at P < 0.05.

https://www.r-project.org/
https://www.r-project.org/
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3 � Results

3.1 � Baseline characteristics

At the end of the observation period, 186 patients were monitored. The summarized data of these patients are as follows: 
mean age, 59.2 years (SD, 10.9 years); 90 men (48.4%) and 96 women (51.6%). In total, 29 patients experienced early 
recurrence within 2 years, with a recurrence rate of 15.6%. The total average recurrence time was 22.5 ± 4.7 months, and 
the average tumor size was 1.71 ± 0.91 cm. In terms of tumor staging, stages IA1, IA2, IA3, IB, and IIA were detected in 55 
(29.6%), 86 (46.2%), 27 (14.5%), 15 (8.1%), and 3 (1.6%) cases, respectively (Table 1, Supplementary Table 1). The numbers 

Table 1   CT features of 186 
patients (N = 186)

CT features Number

Tumor position
 UP 116 (62.4%)
 Middle 15 (8.1%)
 Lower 55 (29.6%)
Lobulated border
 No 112 (60.2%)
 Yes 74 (39.8%)
Spiculated margin
 No 72 (38.7%)
 Yes 114 (61.3%)
Air bronchogram
 No 141 (75.8%)
 Yes 45 (24.2%)
Bronchovascular bundle thickening
 No 46 (24.7%)
 Yes 140 (75.3%)
Pleural retraction
 No 109 (58.6%)
 Yes 77 (41.4%)
Nodule type
 Solid 60 (32.3%)
 Part-GGN 95 (51.1%)
 Pure-GGN 31 (16.7%)
Nodule shape
 Circle 93 (50.0%)
 Oval 13 (7.0%)
 Other 80 (43.0%)
Cavity
 No 145 (78.0%)
 Yes 41 (22.0%)
Center low density
 No 118 (63.4%)
 Yes 68 (36.6%)
Peritumoral interstitial thicken
 No 114 (61.3%)
 Yes 72 (38.7%)
Pleural contact
 No 163 (87.6%)
 Yes 23 (12.4%)
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of cases in the training and testing datasets were 113 and 73, respectively. The average ages of the training and testing 
datasets were 59.0 ± 11.6 and 59.5 ± 9.78 years, respectively. No substantial variance in age distribution was observed 
between the two cohorts (P = 0.745). The training cohort included 53 male (47.0%) and 60 female (53.0%) patients, 
whereas the testing cohort included 37 male (50.7%) and 36 female (49.3%) patients. Notably, there was no marked vari-
ance in the sex distribution between the two cohorts (P = 0.698). Among the 113 patients in the training set, 17 relapsed 
within 2 years, with a recurrence rate of 15%. Among the 73 patients in the testing set, 12 had early recurrence, with a 
recurrence rate of 16.4%. There was no significant difference in the recurrence rate between the two cohorts (P = 0.961). 
The average maximum tumor diameter of the patients in the training group was 1.70 ± 0.934 cm, and that of the patients 
in the testing group was 1.71 ± 0.877 cm. The mean tumor size was not significantly different between the two cohorts 
(P = 0.948), suggesting an equitable distribution of data among the groups (Table 2). CT imaging analysis demonstrated 
significant associations between lobulated borders and both albumin levels (P = 0.042) and the lymphocyte-monocyte 
ratio (P = 0.017), and between nodule type and the lymphocyte-monocyte ratio (P = 0.018) (Supplementary Table 2). 
Other CT features showed no significant correlation with hematological indices.

3.2 � Univariate Cox regression

Univariate regression analysis was conducted to analyze the factors affecting early postoperative recurrence of stage 
IA–IIA NSCLC. The results showed that tumor size (hazard ratio [HR]: 2.072, 95% confidence interval [CI]: 1.376–3.120; 
P < 0.001), direct bilirubin (HR: 1.060, 95% CI: 1.033–1.088; P < 0.001), indirect bilirubin (HR: 1.098, 95% CI: 1.027–1.174; 
P = 0.006), albumin (HR: 0.935, 95% CI: 0.908–0.962; P < 0.001), globulin (HR: 0.909, 95% CI: 0.871–0.949; P < 0.001), serum 
creatinine (HR: 1.029, 95% CI: 1.013–1.045; P < 0.001), PLR (HR: 1.007, 95% CI: 1.000–1.013; P = 0.037), LMR (HR: 0.757, 
95% CI: 0.576–0.996; P = 0.046), PNI (HR: 0.938, 95% CI: 0.913–0.965; P < 0.001), AAPR (HR: 0.009, 95% CI: 0.001–0.088; 
P < 0.001), lobulated border (HR: 5.619, 95% CI: 1.831–17.247; P = 0.003), presence of air bronchogram (HR: 2.620, 95% CI: 
1.011–6.793; P = 0.048), pathological type (squamous cell carcinoma) (HR: 5.496, 95% CI: 1.927–15.671; P = 0.001), tumor 
stage (IB) (HR: 4.310, 95% CI: 1.515–12.265; P = 0.006), and nodule type (solid nodule) (HR: 4.357, 95% CI: 1.534–12.375) 
had a statistically significant effect on early recurrence within 2 years. The forest plot displays variables with univariate 
Cox regression P-values of <0.05 (Fig. 1, Supplementary Table 3).

3.3 � Selection of variables and establishment of multi‑factor Cox regression model

To identify independent risk factors for RFS, we included 15 variables with a significance level of <0.05 from the univariate 
Cox regression analysis in a multivariate Cox regression analysis. To mitigate the risk of overfitting and to streamline the 
model, we employed LASSO regression analysis, which penalizes the absolute values of the coefficients and effectively 
eliminates variable covariance. Combining the results of the LASSO and multicollinearity analyses (Supplementary Fig. 1a, 
b), nine variables exhibiting non-zero coefficient values and corresponding λ values and likelihood of bias were identified. 
These included tumor size, direct bilirubin, globulin, blood creatinine, PNI, AAPR, lobulated borders, air bronchograms, 
and nodule type (solid). After stepwise multi-factor Cox analysis of the nine factors, four factors comprising globulin 
content (HR: 0.921, 95% CI: 0.863–0.983; P = 0.013), AAPR (HR: 0.102, 95% CI: 0.006–1.721; P = 0.113), presence of air 
bronchograms (HR: 4.022, 95% CI: 1.382–11.704; P = 0.011), and nodule type (solid) (HR: 3.596, 95% CI: 1.223–10.575; 
P = 0.020) were selected to construct the risk model (Supplementary Table 4). Among these, globulin content, presence 
of an air bronchogram, and solid nodules were delineated as stand-alone prognostic factors for early recurrence in indi-
viduals diagnosed with stage IA–IIA NSCLC.

3.4 � Model evaluation

To maximize the feasibility and robustness of the prediction model, patients were categorized into high- and low-risk 
cohorts according to the median prognostic score derived from the multifactorial Cox model established using the 
training dataset. Both the full and validation cohorts were classified using identical risk score thresholds, and the cor-
responding Kaplan–Meier survival curves were illustrated separately. The Kaplan–Meier survival curves indicated that in 
all three datasets, the training, testing, and total datasets, RFS exhibited a marked discrepancy between the high-risk and 
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low-risk cohorts, with statistical significance at P < 0.001, P = 0.008, and P < 0.001, respectively. These findings underscore 
the potential utility of the model in discerning populations at a higher risk of premature recurrence, as depicted in Fig. 2.

ROC curves play a pivotal role in assessing the precision of predictive models. The area under the curve (AUC) 
values acquired for the RFS prognostic model within the training cohort were 0.780, 0.845, and 0.856 at 6, 12, and 
18 months, respectively. AUC values obtained for the RFS prognostic model in the testing set were 0.918, 0.883, and 
0.882 for 6, 12, and 18 months, respectively. AUC values obtained for the RFS prognostic model in the total datasets 
were 0.848, 0.855, and 0.860 at 6, 12, and 18 months, respectively. ROC analysis demonstrated that the prognostic 
model exhibited high predictive accuracy across the training, testing, and total datasets (Fig. 3).

Table 2   Baseline data in the 
training and testing datasets

Variables Train (N = 113) Test (N = 73) P-value

Age (27–86 years)
 Mean (SD) 59.0 (11.6) 59.5 (9.78) 0.745
Sex (Male, Female)
 Male 53 (46.9%) 37 (50.7%) 0.698
 Female 60 (52.2%) 36 (47.9%)
Recurrence (No, Yes)
 No 96 (85.0%) 61 (83.6%) 0.961
 Yes 17 (15.0%) 12 (16.4%)
Recurrence time (1–24 months)
 Mean (SD) 22.6 (4.37) 22.2 (5.18) 0.599
Stage (IA1, IA2, IA3, IB, IIA)
 IA1 35 (31.0%) 20 (27.4%) 0.721
 IA2 51 (45.1%) 35 (47.9%) 0.822
 IA3 14 (12.4%) 13 (17.8%) 0.417
 IB 12 (10.6%) 3 (4.1%) 0.188
 IIA 1 (0.9%) 2 (2.7%) 0.701
Tumor size (0.4–5 cm)
 Mean (SD) 1.70 (0.934) 1.71 (0.877) 0.948
Adenocarcinoma (No, Yes)
 No 36 (31.9%) 14 (19.2%) 0.0827
 Yes 77 (68.1%) 59 (80.8%)
Squamous cell carcinoma (No, Yes)
 No 103 (91.2%) 68 (93.2%) 0.831
 Yes 10 (8.8%) 5 (6.8%)
Carcinoma in situ (No, Yes)
 No 90 (79.6%) 66 (90.4%) 0.081
 Yes 23 (20.4%) 7 (9.6%)
Pathological type (Other) (No, Yes)
 No 110 (97.3%) 71 (97.3%) 1
 Yes 3 (2.7%) 2 (2.7%)
Globulin (2.2–39.2 g/L)
 Mean (SD) 27.4 (7.37) 25.1 (8.84) 0.0692
Neutrophil–lymphocyte ratio (0.67–21.78)
 Mean (SD) 3.42 (3.94) 2.72 (2.10) 0.116
Platelet-lymphocyte ratio (25.19–373.91)
 Mean (SD) 132 (54.0) 134 (57.6) 0.831
Lymphocyte-monocyte ratio (0.52–8.80)
 Mean (SD) 4.01 (1.72) 3.86 (1.68) 0.556
Albumin-alkaline phosphatase ratio (0.02–1.10)
 Mean (SD) 0.566 (0.194) 0.526 (0.191) 0.17
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Fig. 1   Variables associ-
ated with early recurrence 
predicted via univariate Cox 
regression analysis. DBil: 
Direct bilirubin, Ibil: Indirect 
bilirubin, Glb: Globulin, Cre: 
creatinine, Pathological type 
1: Squamous cell carcinoma, 
Stage 3: IB stage, Nodule_
Type_0: Solid nodule

Fig. 2   Effect of the Cox model risk score on early postoperative recurrence. Kaplan–Meier analysis stratified patients into high- and low-risk 
groups based on calculated risk scores. A training dataset, B testing dataset, C total dataset
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3.5 � Construction and verification of nomogram

We constructed a nomogram for RFS at 6, 12, and 18 months using a multifactorial Cox regression model (Fig. 4). 
Each factor was assigned a weighted number of points, and the total number of risk points per patient was used to 
predict RFS at 6, 12, and 18 months. To further assess the accuracy of the plotted column-line graphs, we assessed the 
nomogram using calibration curves and decision curve analysis (DCA). Calibration curves showed that the prediction 
lines were close to the diagonal, indicating the high accuracy of the column-line graph predictions (Supplementary 
Fig. 2). The net benefit of this model is represented on the y-axis in the DCA plots (Supplementary Fig. 3).

Fig. 3   ROC curve of RFS at 6, 12, and 18 months predicted using the multivariate Cox regression model. A training dataset, B testing dataset, 
C total dataset
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4 � Discussion

Lung cancer is the predominant malignant neoplasm in global epidemiology, reigning supreme in terms of both 
prevalence and fatality rates [1]. Although CT is increasingly used, an increasing number of patients with early lung 
cancer have been identified and treated prior to the onset of clinical symptoms. Concurrently, owing to the use of 
medications, radiotherapy, chemotherapy, targeted therapy, and immunological examinations, the survival rate of 
patients with NSCLC has improved significantly. However, >20% of patients with early NSCLC relapse post-surgery 
and die [4]. Therefore, reducing the likelihood of postoperative recurrence in early stage NSCLC is crucial for the early 
prediction of patients at a high risk of recurrence and the selection of appropriate postoperative adjuvant therapy.

This study demonstrated that globulin level was an independent protective factor against early recurrence in 
patients with stage IA–IIA NSCLC within 2 years (HR: 0.921, 95% CI: 0.863–0.983; P = 0.013). Serum globulin is a mixture 
of proteins, including a large number of immunoglobulins, complements, and various glycoproteins with defense 

Fig. 4   The 6-month, 
12-month, and 18-month RFS 
of patients with stage IA–IIA 
NSCLC was predicted using 
a nomogram. By drawing a 
vertical line upward from the 
scale corresponding to the 
four variables, the points for 
each variable were obtained, 
thereby obtaining the total 
number of points. Subse-
quently, the probability of RFS 
can be obtained by drawing a 
downward vertical line from 
the total points to the RFS axis 
of 6, 12, and 18 months
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functions. Immunoglobulins can be classified into antibodies and membrane immunoglobulins [19]. Antibodies 
are generally found in the serum and other body or exocrine fluids and can bind to specific antibodies. Membrane 
immunoglobulins, which exist on the human B cell membrane, are antigen receptors of B cells that recognize specific 
antibody molecules. The immune system plays a crucial role in the initiation and progression of lung cancer [20]. 
Immunoglobulins, which are vital components of the immune defense system of the body, mainly function to kill or 
dissolve target cells during monitoring and response to cancer cells [21]. When detecting serum immunoglobulin 
levels in patients with lung cancer, previous studies found that patients with NSCLC exhibited significantly higher 
levels of anti-CD25IgG (Z = −7.48, P < 0.001), indicating that the anti-CD25IgG antibody may serve as a valuable bio-
marker for the prognosis of lung cancer [22]. In this study, decreased globulin levels were associated with a higher 
risk of early recurrence within 2 years, possibly because these patients had a poor immune status and were more 
vulnerable to tumor cell escape. Globulins, especially immunoglobulins, play a critical role in immune surveillance 
by recognizing and eliminating tumor cells [23, 24]. Lower globulin levels suggest impaired immune responses, 
allowing tumor cells to evade detection and escape [25, 26]. This can lead to reduced tumor control and increased 
metastasis. Furthermore, decreased globulins may reflect a weakened inflammatory response, which supports tumor 
progression and recurrence [27]. Unlike the levels of tumor markers such as CEA or CYFRA 21-1, which reflect tumor 
burden, globulin levels provide insights into immune function and systemic inflammation, both of which are crucial 
for preventing recurrence [28, 29]. Low globulin levels indicate compromised immune surveillance because immu-
noglobulins play a key role in tumor recognition and immune response [23]. Reduced globulin levels are associated 
with impaired immune function and poor prognosis in various cancers [27]. Compared to general inflammatory 
markers such as CRP, which reflect broad inflammatory processes, globulin levels are more specifically associated 
with immune activity [30, 31]. However, while globulin levels should not replace imaging or conventional tumor 
markers in detecting recurrence, they can serve as complementary tools to assess recurrence risk. In summary, early 
detection and intervention in patients with low globulin levels are crucial for enhancing their probability of survival.

An air bronchogram indicates that a part of the air cavity in the original alveoli is replaced by inflammatory exu-
dates, which combine the solid lung tissue with the aerated bronchus, often producing a transparent bronchial shadow 
[32]. Air bronchograms can be observed in various lung diseases, including pneumonia, pulmonary tuberculosis, lung 
cancer, and chronic obstructive pulmonary disease. Because an air bronchogram often occurs in pulmonary inflamma-
tory diseases, previous studies have classified it as a benign lesion [33]. However, in 1996, a retrospective study of 132 
patients with solitary pulmonary nodules showed that in 17 cases of benign lesions, only one case (5.9%) exhibited an 
air bronchogram, whereas among 115 cases of lung cancer, 33 (28.7%) showed air bronchograms (P < 0.05), indicating 
that air bronchograms are significantly associated with lung cancer [34]. A recent meta-study showed that patients with 
the disappearance of bronchial inflation sign are more likely to have local recurrence after radiotherapy than patients 
with benign lesions after conventional radiotherapy (odds ratio (OR): 7.15, 95% CI: approximately 2.08–24.59, P < 0.01), 
indicating that this sign is associated with the prognosis and development of tumors [35]. In this study, we selected the 
preoperative CT signs of the patients. These findings suggest that the presence of an air bronchogram is associated with 
the recurrence of early stage NSCLC. Moreover, it was identified as an autonomous risk factor for predicting early recur-
rence within 2 years in patients with stage IA–IIA NSCLC (HR: 4.022, 95% CI: 1.382–11.704; P = 0.011). Therefore, caution 
should be exercised when treating patients with these symptoms.

GGO refers to a gray-white blurred shadow on CT of the human chest, similar to ground glass, with a hazy cloud shape, 
and the vascular structure and bronchial texture can be seen. This sign often indicates an uneven composition within 
the nodule, such as fluid, cells, or pulmonary interstitial thickening of lung tissue. Short-term GGNs often indicate focal 
hyperemia, edema, or inflammation, whereas long-term partial GGNs can be precancerous lesions, lung cancer in situ, 
or early lung cancer [36]. The type of pulmonary nodules can be classified according to the GGO ratio, which can be 
divided into solid nodules, partial GGN, and pure GGN. Previous studies have reported that solid nodules have the lowest 
malignant probability, with a malignant proportion of only 7%, pure GGN has a malignancy rate of approximately 18%, 
and partial GGN has the highest malignant probability of approximately 64% [37]. However, studies on the GGO ratio 
and prognosis of lung cancer have reported different results. A recent study has shown that a tumor GGO of <17% is an 
independent risk factor for early recurrence within 5 years in patients with pathologically graded NSCLC (OR: 6.54, 95% 
CI: 1.47–29.15; P = 0.014) [38]. Numerous previous studies have demonstrated prognostic differences between GGO lung 
cancer and solid lung cancers: lung cancers of the malignant GGO type are usually inert tumors with slow growth and 
long cycles, with a reported mean doubling time of approximately 800 days, and malignant solid lung cancer nodules 
have relatively short growth cycles compared to GGNs, with changes usually occurring within 3–6 months and in a few 
patients, even metastases [39, 40]. This may be owing to the fact that normal lung tissue is largely absent from solid lung 
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cancer nodules compared to GGO lung cancer and that their composition is more complex than that of ground-glass 
lung cancer [41]. This study revealed that solid nodules independently increased the risk of early recurrence in patients 
with stage IA–IIA NSCLC (HR: 3.596, 95% CI: 1.223–10.575; P = 0.020). These results indicate that a decrease in the GGO 
ratio of lung cancer nodules may be a poor prognostic factor for NSCLC.

Correlations between specific CT imaging features and systemic biomarkers, such as associations of lobulated borders 
with albumin levels and the lymphocyte-monocyte ratio, and of the nodule type with the lymphocyte-monocyte ratio, 
highlight the potential of imaging biomarkers for tumor characterization. These findings are consistent with those of 
recent studies that emphasized the prognostic value of CT-derived radiomic features in cancer assessment [42]. The 
link between lobulated borders and low albumin levels may reflect aggressive tumor growth and nutritional depletion, 
whereas an association with a high lymphocyte-monocyte ratio suggests tumor-related inflammation and immune infil-
tration [43, 44]. However, the biological underpinnings of these radiomics features remain unclear. The lack of significant 
associations with other CT variables indicates a complex interplay between imaging features and systemic biomarkers, 
which is likely influenced by tumor heterogeneity and technical limitations [45, 46]. Future research combining advanced 
imaging modalities with gene expression, histopathology, and biomarker analysis is needed to elucidate these mecha-
nisms and improve the predictive accuracy of non-invasive tumor assessments.

Identifying independent prognostic factors and developing accurate predictive models are essential for optimal 
treatment planning, counseling, and follow-up of patients with early stage NSCLC. Based on data from our hospital, 
hematological parameters and imaging features of patients with early stage NSCLC were analyzed, and globulin content, 
presence of air bronchograms, and solid nodule type were found to be independent prognostic factors for early recur-
rence in patients with stage IA–IIA NSCLC. A novel nomogram was developed to predict the RFS of patients with NSCLC 
at 6, 12, and 18 months, and the prediction model showed satisfactory performance. After internal verification, the model 
showed good discriminant ability. Overall, the results of this study demonstrate the effectiveness of the model, both 
internally and temporally. Using this model, line maps were employed to quantify and visualize model factors, enabling 
separate predictions of the 6-, 12-, and 18-month relapse-free survival of patients with early stage NSCLC.

However, the results of this study should be interpreted with caution. First, data collection was retrospective, and 
there may have been deviations that were difficult to eliminate. Second, although the results of this study have been 
internally verified, our research has the limitations of being a single-center study and the lack of independent external 
data for verification. Third, despite the inclusion of consecutive patients, the mean patient age was 59.5 years. The cohort 
included relatively few patients with lung cancer who were aged <60 years. Therefore, whether the prognostic model 
was applicable to patients in all age groups was difficult to determine. Fourth, CT imaging quality can vary between 
institutions owing to differences in equipment, protocols, and radiologist interpretation. This can lead to discrepancies 
in detecting subtle lesions or changes in disease status. We suggest that future studies incorporate multimodal imag-
ing techniques or automated image analysis to enhance consistency. Finally, although a combination of hematological 
indexes and imaging features was modeled, the relationship between the blood index and imaging features is not clear 
and requires further study.

5 � Conclusion

This study showed that globulin content, presence of air bronchograms, and solid nodule type were independent prog-
nostic factors for early recurrence within 2 years in patients with stage IA–IIA NSCLC. A novel Cox regression model was 
constructed to predict the 6-month, 12-month, and 18-month RFS in patients with NSCLC, and an RFS diagram was drawn 
using the model. The model showed good discriminant ability through internal verification and can assist clinicians in 
quantifying the risk of recurrence in patients with NSCLC, allowing for efficient and convenient optimization of treat-
ment plans and personalization of patient follow-ups. Large-scale, forward-looking, multicenter studies are necessary 
to conduct additional external validation and application of the prediction model.
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