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Abstract 17 

Background: Occult lymph node metastasis (oLNM) remains a concern in clinical 18 

T1N0 non-small cell lung cancer (NSCLC). In this study, we developed and 19 

externally validated a preoperative prediction model for patients with a 20 

consolidation-to-tumour ratio (CTR) of >0.5. 21 

Methods: This retrospective study included 1,784 patients from the development 22 
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centre and 525 from an independent external validation centre. All patients had 23 

clinical T1N0 NSCLC, a tumour diameter ≤3 cm, and a CTR > 0.5, and they all 24 

underwent pulmonary resection with systematic lymph node dissection. We compared 25 

12 machine-learning algorithms using 46 candidate preoperative features and assessed 26 

their discrimination, calibration, and potential clinical utility. SHapley Additive 27 

exPlanations (SHAP) was used to quantify feature contributions. An exploratory 28 

analysis was conducted to examine patients with tumours >2 to ≤3 cm. 29 

Results: oLNM was detected in 295 patients (16.5%) in the development cohort and 30 

97 (18.5%) in the external cohort. The final 10-feature CatBoost model had an area 31 

under the receiver operating characteristic curve (AUC) of 0.870 (95% CI, 0.827–32 

0.906) in the internal validation cohort and 0.855 (95% CI, 0.814–0.895) in the 33 

external validation cohort. Among 296 patients with tumours >2 to ≤3 cm in the 34 

external validation cohort, 68 had oLNM; the AUC was 0.852 (95% CI, 0.802–0.898). 35 

External calibration revealed some risk overestimation at intermediate-to-high 36 

predicted probabilities. SHAP was applied to determine feature contributions across 37 

the cohort and for individual patients. 38 

Conclusions: The model showed good discrimination of preoperative oLNM risk 39 

assessment in this population. Prospective validation of the developed model is 40 

required before its predictions can be used to guide the extent of nodal assessment or 41 

dissection. 42 

Keywords 43 

Non-small cell lung cancer; Occult lymph node metastasis; Machine learning; 44 
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Consolidation-to-tumor ratio; Explainable artificial intelligence. 45 

 46 

Background 47 

Patients with clinically node-negative (cN0) non-small cell lung cancer (NSCLC) 48 

can develop regional nodal metastasis, which is detected only on pathological 49 

examination after resection [1, 2]. Nodal involvement changes the pathological stage 50 

and informs postoperative treatment [3]. Preoperative imaging and, when indicated, 51 

invasive staging reduce uncertainty but do not eliminate the risk of occult disease [4, 52 

5]. For patients with clinical T1N0 NSCLC, the prediction task is therefore used to 53 

estimate the residual risk of occult lymph node metastasis (oLNM) after clinical 54 

staging. 55 

The consolidation-to-tumour ratio (CTR) on thin-section computed tomography 56 

(CT) reflects the proportion of the tumour occupied by the solid component and is 57 

associated with nodal involvement in early-stage NSCLC [6, 7]. Previous studies have 58 

reported a higher incidence of lymph node metastasis (LNM) and a more invasive 59 

phenotype in patients with tumours having CTR > 0.5 than in those with a CTR ≤ 0.5 60 

[6]. However, the risk of LNM varies considerably even within the subgroup of 61 

patients with a CTR > 0.5 [8]. Combining preoperative information may therefore 62 

improve the estimation of residual oLNM risk in clinically node-negative patients 63 

with a CTR > 0.5. 64 

In patients with NSCLC, pathological staging, prognostic assessment, and surgical 65 

planning are determined on the basis of lymph node status [9, 10]. A randomized 66 
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controlled trial revealed that sublobar resection was noninferior to lobectomy for 67 

disease-free survival in patients with peripheral NSCLC measuring ≤2 cm and a 68 

confirmed node-negative status after adequate lymph node assessment [11]. The 69 

JCOG0802 trial revealed superior overall survival with segmentectomy in patients 70 

with small peripheral NSCLC [12]. These findings support the individualised surgical 71 

management of early-stage NSCLC. Recent studies have proposed matching 72 

treatment intensity to individual tumour risk to avoid undertreatment in high-risk 73 

patients and unnecessary treatment burden in low-risk patients [13]. The accurate 74 

estimation of nodal metastatic risk may inform the treatment approach; 75 

underestimating the nodal risk in patients with oLNM may lead to pathological 76 

understaging, affecting subsequent treatment planning, whereas extensive nodal 77 

intervention may increase the surgical burden in low-risk patients, with limited 78 

additional benefit [14, 15]. The evidence supporting sublobar resection has been 79 

mainly derived from patients with tumours ≤2 cm. Evidence to guide nodal 80 

management remains limited for patients with clinical T1N0 NSCLC tumours 81 

measuring >2 to ≤3 cm and a CTR > 0.5. More accurate preoperative estimates of 82 

occult nodal involvement may help inform nodal assessment and surgical planning in 83 

this subgroup. 84 

Machine-learning models can combine preoperative clinical information to estimate 85 

individual risk. Wu et al. developed a model for patients with tumours ≤2 cm, 86 

providing preliminary evidence of the model effectiveness for LNM risk stratification 87 

[16]. Many existing models, however, have been developed within restricted 88 
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tumour-size ranges, particularly tumours ≤2 cm, and geographically independent 89 

external validation has not been conducted for these models. Their applicability to 90 

other populations therefore remains uncertain. Complex models may also provide 91 

limited insights into how individual predictions are generated, which may hinder their 92 

use in preoperative nodal assessment [17]. SHapley Additive exPlanations (SHAP) 93 

quantifies each feature’s contribution to a prediction, helping clinicians interpret the 94 

model output [18]. It provides an overall assessment of feature importance and 95 

explains feature contributions to individual predictions. 96 

In this multicentre study, we developed and externally validated an interpretable 97 

machine-learning model to estimate the preoperative oLNM risk in patients with 98 

clinical T1N0 NSCLC, an overall tumour diameter ≤3 cm, and a CTR > 0.5. We 99 

assessed model performance and its potential clinical utility and used SHAP to 100 

examine feature contributions at the population and patient levels. 101 

Methods 102 

Data sources 103 

This multicentre retrospective study included a development cohort of 1,784 104 

patients who underwent thoracoscopic pulmonary resection at the Department of 105 

Thoracic Surgery of the Affiliated Hospital of Southwest Medical University between 106 

June 2023 and June 2026. An independent external validation cohort included 525 107 

patients who underwent elective thoracoscopic pulmonary resection at the Department 108 

of Thoracic Surgery of the First Affiliated Hospital of Zhengzhou University between 109 

June 2025 and June 2026. The same inclusion and exclusion criteria were applied at 110 
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both centres. The patient selection process is shown in Figure 1. 111 

This study was conducted in accordance with the Declaration of Helsinki and was 112 

approved by the Institutional Review Board of the Affiliated Hospital of Southwest 113 

Medical University and the relevant Ethics Committee of the First Affiliated Hospital 114 

of Zhengzhou University, with the approval numbers of KY2026415 and 2026KS215, 115 

respectively. 116 

 117 

Fig. 1. Patient selection and study design. 118 

AUC, area under the receiver operating characteristic curve; CTR, consolidation-to-tumor ratio; ML, 119 

machine learning; NSCLC, non-small cell lung cancer; oLNM, occult lymph node metastasis; SHAP, 120 

SHapley Additive exPlanations; SLND, systematic lymph node dissection. 121 
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Inclusion and exclusion criteria 122 

The inclusion criteria were as follows: (1) clinical T1 disease based on preoperative 123 

assessment according to the ninth edition of the TNM classification; (2) clinical N0 124 

(cN0) disease based on preoperative nodal assessment; (3) a maximum overall tumour 125 

diameter of ≤3 cm on preoperative chest CT; (4) a CTR > 0.5; (5) thoracoscopic 126 

pulmonary resection with systematic lymph node dissection (SLND); and (6) 127 

postoperative histopathological confirmation of NSCLC. 128 

The exclusion criteria were as follows: (1) no surgical treatment or failure to 129 

undergo SLND to meet the study requirements; (2) postoperative pathological 130 

confirmation of a benign lesion, pulmonary metastasis, or other non-NSCLC 131 

pathologies; and (3) missing key clinical, laboratory, imaging, or pathological data. 132 

Definitions and outcome assessment 133 

Clinical N0 (cN0) was defined as the absence of regional lymph node metastasis on 134 

routine preoperative staging, based on chest CT and other staging examinations 135 

performed when clinically indicated. 136 

CTR was defined as the ratio of the maximum diameter of the solid component to 137 

the maximum overall tumour diameter on preoperative thin-section chest CT. 138 

Pure-solid nodules were assigned a CTR of 1.0. Both measurements were performed 139 

on lung-window images. 140 

Occult lymph node metastasis (oLNM) was defined as pathologically confirmed 141 

regional nodal metastasis (pN+) identified after resection in patients preoperatively 142 

classified as cN0. 143 



8 

SLND was performed according to the established standards for systematic lymph 144 

node evaluation and involved the complete removal of mediastinal lymph node–145 

bearing tissue within defined anatomical boundaries. The dissection included at least 146 

three mediastinal lymph node stations, including Station 7, as well as the evaluation 147 

of hilar and intrapulmonary lymph nodes [19]. 148 

Feature collection and calculation 149 

Preoperative demographic characteristics, vital signs, laboratory test results, and 150 

other clinical data were obtained from electronic medical records, and these data were 151 

considered candidate predictors. Laboratory measurements obtained within 7 days 152 

before surgery were used. To reduce the potential effects of multicollinearity on 153 

model stability and predictive performance, correlations among candidate features 154 

were assessed using Spearman rank correlation analysis. When two features were 155 

highly correlated (absolute Spearman correlation coefficient |ρ| > 0.6), the feature 156 

more strongly associated with the outcome was retained. After screening, 46 157 

candidate features were retained for model development and validation 158 

(Supplementary Figure 1, Additional file 1). 159 

Inflammation- and nutrition-related indices were calculated from preoperative 160 

complete blood counts and blood biochemical measurements. These indices included 161 

the modified systemic inflammation score (mSIS), neutrophil-to-platelet ratio (NPR), 162 

platelet-to-albumin ratio (PAR), prognostic nutritional index (PNI), 163 

neutrophil-to-lymphocyte ratio (NLR), aggregate index of systemic inflammation 164 

(AISI), systemic immune-inflammation index (SII), neutrophil-to-lymphocyte–165 
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platelet ratio (NLPR), systemic inflammation response index (SIRI), 166 

lymphocyte-to-monocyte ratio (LMR), platelet-to-lymphocyte ratio (PLR), and 167 

neutrophil-to-monocyte ratio (NMR). 168 

These indices were calculated as follows: NLR = N/L; PLR = P/L; NMR = N/M; 169 

LMR = L/M; SII = (N × P)/L; NLPR = N/(L × P); SIRI = (N × M)/L; AISI = (N × M 170 

× P)/L; NPR = N/P; PAR = P/ALB; and PNI = ALB + 5 × L. N, L, M, and P represent 171 

the absolute peripheral blood neutrophil, lymphocyte, monocyte, and platelet counts, 172 

respectively (×10⁹/L), and ALB represents the serum albumin concentration (g/L). 173 

The mSIS was determined from serum albumin concentration and LMR. A score of 174 

0 was assigned when ALB was ≥40 g/L and LMR was ≥3.4; a score of 1 when only 175 

one value was below its respective threshold; and a score of 2 when ALB was <40 g/L 176 

and LMR was <3.4. 177 

Model development and comparison 178 

A total of 1,784 patients from the Affiliated Hospital of Southwest Medical 179 

University constituted the development cohort. Patients were stratified by oLNM 180 

status and randomly divided at a 7:3 ratio into a training cohort (n = 1,248) and an 181 

internal validation cohort (n = 536). All 46 candidate preoperative features were 182 

included in the initial model development. 183 

Using the training cohort, we developed and compared 12 machine-learning 184 

algorithms: CatBoost, extreme gradient boosting (XGBoost), light gradient boosting 185 

machine (LightGBM), extremely randomized trees (ET), support vector machine 186 

(SVM), k-nearest neighbours (KNN), random forest (RF), artificial neural network 187 



10 

(ANN), gradient boosting machine (GBM), adaptive boosting (AdaBoost), logistic 188 

regression (LR), and decision tree (DT). These algorithms estimated the probability of 189 

oLNM in the study population. Hyperparameters were determined using Bayesian 190 

optimisation combined with manual fine-tuning. All model training and 191 

hyperparameter optimisation processes were performed exclusively on the training 192 

data; the internal validation data were not used for model fitting or hyperparameter 193 

selection. 194 

The candidate models were compared using the internal validation cohort to select 195 

the algorithm for feature reduction and final model development. Fivefold and tenfold 196 

cross-validation were also performed to assess the stability of the model performance. 197 

Feature selection and model interpretation 198 

We used SHAP to quantify each feature’s contribution to the model predictions and 199 

ranked the features by their mean absolute SHAP values. Features were progressively 200 

removed from the lowest to the highest importance, and the model was rebuilt after 201 

each step. AUCs for different feature sets were compared using the DeLong test, and 202 

features were removed until a statistically significant decrease in discrimination was 203 

observed. Among the models without a statistically significant reduction in AUC, 204 

predictive performance and parsimony were jointly considered to select the final 205 

10-feature CatBoost model. 206 

SHAP was used to interpret the final model at the global and individual levels. 207 

Global interpretation assessed the relative magnitude and direction of feature 208 

contributions to model predictions. Individual interpretation quantified each feature’s 209 
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contribution to the model output for a given patient. 210 

External validation 211 

The independent cohort of 525 patients from the First Affiliated Hospital of 212 

Zhengzhou University was used for geographic external validation of the model. The 213 

final model architecture, input features, and parameter settings remained unchanged, 214 

with no retraining or optimisation using the external data. The model was applied 215 

directly to this cohort to assess its discrimination, calibration, and potential clinical 216 

utility, and generalizability across centres. An exploratory subgroup analysis 217 

evaluated model performance in patients with an overall tumour diameter of >2 to ≤3 218 

cm. 219 

Web-based prediction tools 220 

The final model was deployed as an interactive web application using Streamlit. 221 

After the required preoperative features are entered, the application provides the 222 

predicted probability of oLNM and generates a SHAP force plot showing each 223 

feature’s contribution to the individual prediction in real time. 224 

Statistical analysis 225 

All statistical analyses and model development procedures were performed using 226 

Python version 3.9.5 and R version 4.1.0. Continuous variables are summarized as the 227 

mean ± standard deviation or median (interquartile range), as appropriate, and the 228 

variables were compared using the independent-samples t-test or Mann–Whitney U 229 

test. Categorical variables are presented as frequencies and percentages, and the 230 

variables were compared using the χ² test or Fisher’s exact test, as appropriate. 231 
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Discrimination was assessed using receiver operating characteristic (ROC) curves 232 

and the area under the curve (AUC), along with 95% confidence intervals (CIs). 233 

Predicted probabilities were converted into binary classifications using the CatBoost 234 

model’s default probability threshold of 0.5. Sensitivity, specificity, positive 235 

predictive value, negative predictive value, accuracy, and F1 score were calculated 236 

from these classifications. Model calibration was conducted using calibration curves, 237 

and the overall predictive accuracy was assessed using the Brier score. The model’s 238 

potential clinical utility was evaluated through decision curve analysis. The AUCs 239 

were compared using the DeLong test, where appropriate. All statistical tests were 240 

two-sided, and P < 0.05 was considered to indicate statistical significance. 241 

Results 242 

Patient characteristics 243 

This study included 2,309 patients with clinical T1N0 NSCLC, an overall tumour 244 

diameter ≤3 cm, and a CTR > 0.5 from two centres. The development cohort included 245 

1,784 patients, of whom 295 (16.5%) had oLNM (Table 1). In the independent 246 

external validation cohort, 97 of 525 patients (18.5%) had oLNM (Supplementary 247 

Table 1, Additional file 1). The difference in oLNM prevalence between the cohorts 248 

was not statistically significant (P = 0.330; Supplementary Table 2). Patient selection 249 

and the study design are provided in detail in Figure 1. 250 

In the development cohort, compared with patients without oLNM, those with 251 

oLNM were more often male and more frequently had a smoking history (both P < 252 
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0.001). Compared with patients without oLNM, patients with oLNM had a higher 253 

NLR and a lower LMR (both P < 0.001), as well as higher levels of carcinoembryonic 254 

antigen (CEA), cancer antigen 125 (CA125), and cytokeratin 19 fragment 21-1 255 

(CYFRA21-1) (all P < 0.001).Their tumors were larger, had higher CTR values, and 256 

were more often nonperipheral (P < 0.001, P < 0.001, and P = 0.007, respectively). 257 

Histological type also differed between patients with and without oLNM (P = 0.003; 258 

Table 1). 259 

Table 1. Development cohort characteristics according to occult lymph node metastasis status. 260 

Variables 

without 

oLNM(n=1489) oLNM(n=295) P value 

Sex   <0.001 

  Male 558 (37.5%) 159 (53.9%)  

  Female 931 (62.5%) 136 (46.1%)  

Age, year 57.40±10.78 59.19±9.41 0.047 

Weight, kg 60.63±10.75 61.87±10.30 0.068 

Height, m 1.61±0.08 1.62±0.08 0.011 

BMI, kg/m2 23.24±3.21 23.37±3.05 0.528 

Smoking   <0.001 

 no 1195 (80.3%) 202 (68.5%)  

 yes 294 (19.7%) 93 (31.5%)  

Drinking   0.187 

 no 1290 (86.6%) 247 (83.7%)  

yes 199 (13.4%) 48 (16.3%)  

Lung disease   0.280 

 no 1389 (93.3%) 270 (91.5%)  

 yes 100 (6.7%) 25 (8.5%)  

Diabetes   0.576 

 no 1353 (90.9%) 265 (89.8%)  

 yes 136 (9.1%) 30 (10.2%)  

Hypertension   0.724 
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Variables 

without 

oLNM(n=1489) oLNM(n=295) P value 

 no 1070 (71.9%) 209 (70.8%)  

 yes 419 (28.1%) 86 (29.2%)  

CAD   0.791 

 no 1366 (91.7%) 272 (92.2%)  

 yes 123 (8.3%) 23 (7.8%)  

Cerebral infarction   0.658 

 no 1403 (94.2%) 276 (93.6%)  

 yes 86 (5.8%) 19 (6.4%)  

K, mmol/L 4.14 [3.89–4.38] 4.15 [3.92–4.44] 0.164 

Na, mmol/L 142.50 [141.00–144.00] 143.00 [141.00–144.00] 0.917 

Cl, mmol/L 105.00 [103.00–106.90] 105.00 [103.00–106.00] 0.049 

ALT, U/L 15.00 [11.00–21.00] 16.00 [11.00–24.00] 0.158 

AST, U/L 18.00 [15.00–21.00] 18.00 [15.00–22.00] 0.168 

PT, seconds 10.70 [10.20–11.20] 10.40 [9.80–10.90] <0.001 

APTT, seconds 28.80 [26.90–31.00] 29.30 [27.10–31.00] 0.312 

TT, seconds 16.10 [14.80–18.00] 15.80 [14.50–17.60] 0.020 

Fbg, g/L 2.72 [2.39–3.12] 2.80 [2.44–3.29] 0.025 

D-dimer, mg/L 0.18 [0.07–0.25] 0.19 [0.07–0.27] 0.760 

WBC, 109/L 5.54 [4.68–6.62] 5.70 [4.86–6.78] 0.074 

RBC, 1012/L 4.34 [4.04–4.62] 4.33 [4.07–4.63] 0.976 

Hb, g/L 133.00 [123.00–142.00] 134.00 [125.00–144.00] 0.106 

PLT, 109/L 219.00 [184.00–259.00] 216.00 [187.00–248.00] 0.431 

NEU% 57.80 [52.60–63.40] 58.40 [52.75–64.30] 0.317 

NEU, 109/L 3.18 [2.56–4.06] 3.27 [2.69–4.13] 0.090  

LYM, 109/L 1.78 [1.45–2.22] 1.78 [1.50–2.14] 0.883 

MO, 109/L 0.36 [0.29–0.45] 0.38 [0.30–0.47] 0.024 

Hct, L/L 0.40 [0.37–0.43] 0.40 [0.37–0.42] 0.980  

ALB, g/L 42.90 [40.40–45.40] 42.00 [39.75–44.55] 0.439 

mSIS   0.045 

0 950 (63.8%) 179 (60.7%)  

1 451 (30.3%) 87 (29.5%)  

2 88 (5.9%) 29 (9.8%)  

NPR 0.01 [0.01–0.02] 0.02 [0.01–0.02] 0.005 
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Variables 

without 

oLNM(n=1489) oLNM(n=295) P value 

PAR 5.14 [4.29–6.06] 5.14 [4.21–5.93] 0.287 

PNI 52.00 [48.90–55.20] 51.40 [48.38–54.30] 0.062 

NLR 1.81 [1.35–2.45] 2.22 [1.74–3.06] <0.001 

AISI 143.48 [86.84–228.30] 147.89 [92.36–258.50] 0.216 

SII 392.95 [274.70–561.49] 385.32 [271.60–585.19] 0.948 

NLPR 0.01 [0.01–0.01] 0.01 [0.01–0.01] 0.009 

SIRI 0.66 [0.44–1.00] 0.70 [0.48–1.14] 0.019 

LMR 4.93 [3.69–6.39] 3.77 [2.49–5.22] <0.001 

PLR 121.78 [93.48–156.67] 124.07 [92.94–152.82] 0.639 

NMR 8.85 [7.21–10.97] 8.57 [7.04–10.80] 0.219 

AFP, ng/mL 3.07 [2.17–4.06] 3.53 [2.27–4.82] <0.001 

CEA, ng/mL 2.04 [1.20–3.32] 2.89 [1.75–4.89] <0.001 

CA125, U/mL 9.41 [6.64–13.30] 12.43 [9.75–18.45] <0.001 

CA19-9, U/mL 10.07 [5.89–15.40] 11.10 [6.83–17.14] 0.021 

CA72-4, U/mL 2.61 [1.27–4.89] 2.73 [1.13–5.12] 0.878 

CYFRA21-1, ng/mL 1.83 [1.12–2.80] 2.58 [1.81–3.84] <0.001 

NSE, ng/mL 11.50 [6.48–15.57] 12.80 [6.59–16.07] 0.210 

Tumor size, cm 1.80 [1.10–2.50] 2.50 [1.90–2.70] <0.001 

Periphery   0.007 

  Peripheral 1431 (96.1%) 273 (92.5%)  

  Non-peripheral 58 (3.9%) 22 (7.5%)  

Pathologic histology   0.003 

 Adenocarcinoma 1385 (93.0%) 261 (88.5%)  

 Squamous cell carcinoma 62 (4.2%) 26 (8.8%)  

 Other 42 (2.8%) 8 (2.7%)  

Tumor location   0.448 

 RUL 527 (35.4%) 103 (34.9%)  

 RML 106 (7.1%) 27 (9.2%)  

 RLL 236 (15.8%) 45 (15.3%)  

 LUL 411 (27.6%) 71 (24.1%)  

 LLL 209 (14.0%) 49 (16.6%)  

CTR 0.75 [0.63–0.87] 0.87 [0.76–0.95] <0.001 
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Data are presented as mean ± SD for normally distributed continuous variables, median [interquartile 261 

range] for non-normally distributed continuous variables, and n (%) for categorical variables. 262 

AFP, alpha-fetoprotein; AISI, aggregate index of systemic inflammation; ALB, albumin; ALT, alanine 263 

aminotransferase; APTT, activated partial thromboplastin time; AST, aspartate aminotransferase; BMI, 264 

body mass index; CA125, cancer antigen 125; CA19-9, carbohydrate antigen 19-9; CA72-4, 265 

carbohydrate antigen 72-4; CAD, coronary artery disease; CEA, carcinoembryonic antigen; CTR, 266 

consolidation-to-tumor ratio; CYFRA21-1, cytokeratin 19 fragment 21-1; Fbg, fibrinogen; Hct, 267 

hematocrit; Hb, hemoglobin; LLL, left lower lobe; LMR, lymphocyte-to-monocyte ratio; LUL, left 268 

upper lobe; LYM, lymphocyte count; MO, monocyte count; mSIS, modified systemic inflammation 269 

score; NLR, neutrophil-to-lymphocyte ratio; NLPR, neutrophil-to-lymphocyte–platelet ratio; NMR, 270 

neutrophil-to-monocyte ratio; NPR, neutrophil-to-platelet ratio; NSE, neuron-specific enolase; oLNM, 271 

occult lymph node metastasis; PAR, platelet-to-albumin ratio; PLR, platelet-to-lymphocyte ratio; PNI, 272 

prognostic nutritional index; PT, prothrombin time; RBC, red blood cell count; RLL, right lower lobe; 273 

RML, right middle lobe; RUL, right upper lobe; SD, standard deviation; SII, systemic 274 

immune-inflammation index; SIRI, systemic inflammation response index; TT, thrombin time; WBC, 275 

white blood cell count. 276 

Similar findings were observed in the external validation cohort. Patients with 277 

oLNM had a higher NLR, a lower LMR (both P < 0.001), and higher CEA, CA125, 278 

and CYFRA21-1 levels than those without oLNM did (P = 0.001, P < 0.001, and P < 279 

0.001, respectively). Their tumours were larger and had higher CTR values (both P < 280 

0.001), and nonperipheral lesions were more frequent (P < 0.001). Histological type 281 

also differed between the groups (P = 0.031). Smoking history and previous 282 
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pulmonary disease were more common in patients with oLNM (P = 0.022 and P = 283 

0.002, respectively), whereas sex did not significantly differ between the groups (P = 284 

0.726; Supplementary Table 1). 285 

Model development and performance comparison 286 

We developed and compared 12 machine-learning models using 46 preoperative 287 

features. In the internal validation cohort, the highest AUC was determined for 288 

CatBoost (0.890; 95% CI, 0.851–0.928), followed by the AUCs for XGBoost (0.888; 289 

95% CI, 0.853–0.922) and LightGBM (0.883; 95% CI, 0.846–0.916). The AUCs for 290 

the remaining models ranged from 0.704 to 0.861. Performance metrics for all 12 291 

models are presented in Supplementary Figure 2 and Supplementary Table 3. The 292 

ROC curves and decision curves for the five best-performing models are presented in 293 

Figures 2A and 2B. The SHAP summary plots of the top 20 features for each model 294 

are provided in Supplementary Figures 3A–E. Given its highest AUC value and the 295 

balanced predictive performance, CatBoost was selected for feature reduction and 296 

model interpretation (Figure 2C). 297 
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 298 

Fig. 2. Performance comparison and feature reduction of machine-learning models. 299 

(A) Receiver operating characteristic (ROC) curves for the five models with the highest observed 300 

AUCs in the internal validation cohort. (B) Decision curves for the same five models across threshold 301 

probabilities. (C) AUCs of these models with varying numbers of features. 302 

AUC, area under the receiver operating characteristic curve; DCA, decision curve analysis; GBM, 303 

gradient boosting machine; LightGBM, light gradient boosting machine; RF, random forest; ROC, 304 

receiver operating characteristic; XGBoost, extreme gradient boosting. 305 

Feature reduction and final model selection 306 

We evaluated the CatBoost models with progressively fewer features on the basis 307 

of the feature importance rankings. The AUC varied moderately across a range of 308 

feature counts (Supplementary Figures 4B and 4C). The 46-feature model had an 309 

AUC of 0.890. The 10-feature model had an AUC of 0.870, which did not differ 310 

significantly from that of the full model (ΔAUC = 0.020; P = 0.090). Reducing the 311 

feature count to nine features decreased the AUC to 0.854, which was significantly 312 

different from that of the full model (ΔAUC = 0.036; P = 0.009). With a reduction to 313 

three features, the AUC decreased to 0.772 (ΔAUC = 0.118, P < 0.001; 314 

Supplementary Figure 4A). Performance metrics for the different feature sets are 315 

provided in Supplementary Table 4. 316 
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On the basis of discrimination, model complexity, and clinical feasibility, we 317 

selected a 10-feature CatBoost model comprising tumour size, CTR, CYFRA21-1, 318 

CA125, LMR, PLR, prothrombin time (PT), monocyte count (MO), NLR, and 319 

neuron-specific enolase (NSE). In the internal validation cohort, this model had an 320 

AUC of 0.870 (95% CI, 0.827–0.906). At the default probability threshold of 0.5, the 321 

sensitivity, specificity, positive predictive value, negative predictive value, accuracy, 322 

and F1 score were 0.618, 0.913, 0.585, 0.923, 0.864, and 0.601, respectively. 323 

In supplementary analyses of internal stability, the final model had a mean AUC of 324 

0.905 ± 0.020 with fivefold cross-validation and 0.885 ± 0.038 with tenfold 325 

cross-validation (Supplementary Figure 5A and 5B), suggesting its relatively stable 326 

discrimination across data partitions. 327 

Comparison of the final model with individual predictors 328 

In the internal validation cohort, the final CatBoost model had a greater AUC 329 

(0.870) than that of any individual predictor (Supplementary Figure 6A). NLR had the 330 

highest individual AUC (0.693), followed by CYFRA21-1 (0.690), CA125 (0.677), 331 

LMR (0.675), CTR (0.665), and tumour size (0.656). Differences in AUCs between 332 

the final model and individual predictors ranged from 0.177 to 0.353 and were 333 

statistically significant according to the DeLong test (all P < 0.001). 334 

Decision curve analysis revealed greater net benefit for the final CatBoost model 335 

than for any individual predictor across a broad range of threshold probabilities 336 

(Supplementary Figure 6B). 337 
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External validation of the final model 338 

In the independent external validation cohort, the final 10-feature CatBoost model 339 

had an AUC of 0.855 (95% CI, 0.814–0.895; Figure 3A). The AUC did not differ 340 

significantly from that in the internal validation cohort (ΔAUC = 0.015; 95% CI, 341 

−0.054 to 0.085; P = 0.657). The same fixed probability threshold of 0.5 was applied 342 

to the external validation cohort. The resulting sensitivity, specificity, positive 343 

predictive value, and negative predictive value were 0.588, 0.895, 0.559, and 0.905, 344 

respectively. 345 

The Brier score in the external validation cohort was 0.112. The calibration curve 346 

showed generally close agreement between the predicted probabilities of oLNM risk 347 

and the observed oLNM rates in the lower-risk range, with some overestimation of the 348 

risk at intermediate-to-high predicted probabilities (Figure 3B). Decision curve 349 

analysis revealed that the final model provided greater net benefit than the treat-all 350 

and treat-none strategies across a broad range of threshold probabilities (Figure 3C). 351 

An exploratory subgroup analysis was performed in 296 patients with an overall 352 

tumour diameter >2 to ≤3 cm, of whom 68 (23.0%) had oLNM. The model achieved 353 

an AUC of 0.852 (95% CI, 0.802–0.898; Figure 3D), with accuracy, sensitivity, 354 

specificity, positive predictive value, and negative predictive value of 0.787, 0.647, 355 

0.829, 0.530, and 0.887, respectively. The Brier score was 0.136. Calibration showed 356 

some disagreement between the predicted and observed risks at intermediate-to-high 357 

predicted probabilities (Figure 3E). Decision curve analysis revealed greater net 358 

benefit for the final model than the treat-all and treat-none strategies over parts of the 359 
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low-to-intermediate threshold probability range (Figure 3F). 360 

 361 

Fig. 3. External validation and exploratory subgroup analysis of the final 10-feature CatBoost 362 

model. 363 

(A–C) Performance in the overall external validation cohort (n=525): (A) receiver operating 364 

characteristic curve, (B) calibration curve, and (C) decision curve. (D–F) Performance in the external 365 

validation subgroup with an overall tumor diameter >2 to ≤3 cm (n=296): (D) receiver operating 366 

characteristic curve, (E) calibration curve, and (F) decision curve. 367 

AUC, area under the receiver operating characteristic curve; CI, confidence interval; oLNM, occult 368 

lymph node metastasis. 369 

Model interpretation 370 

We used SHAP to examine feature contributions to the final 10-feature CatBoost 371 

model at the global and individual levels. On the basis of feature ranking by mean 372 

absolute SHAP value, tumour size contributed the most to the model predictions, 373 
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followed by CTR, CYFRA21-1, CA125, LMR, PLR, PT, MO, NLR, and NSE (Figure 374 

4A). The summary plot shows how feature values are related to the direction of their 375 

contributions (Figure 4B). Larger tumours and higher CTR, CYFRA21-1, CA125, and 376 

NLR generally shifted predictions towards oLNM, whereas higher LMR, PLR, PT, 377 

and MO generally shifted predictions in the opposite direction. These relationships 378 

were not uniformly linear. In the dependence plots, the SHAP values for tumour size 379 

and CTR generally changed from negative to positive as their values increased, 380 

whereas a higher LMR generally contributed to a lower predicted oLNM risk (Figure 381 

4C). Pronounced nonlinear patterns were noted for PLR, PT, MO, and NSE, with their 382 

contributions varying across the observed feature values. 383 
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 384 

Fig. 4. SHAP-based interpretation of the final 10-feature CatBoost model. 385 

(A) Global feature importance ranking based on mean absolute SHAP values. (B) SHAP summary plot 386 

showing the impact of feature values on oLNM predictions. (C) SHAP dependence plots illustrating the 387 

nonlinear relationships between selected features and model output. 388 

CTR, consolidation-to-tumor ratio; CYFRA21-1, cytokeratin 19 fragment 21-1; LMR, 389 

lymphocyte-to-monocyte ratio; MO, monocyte count; NLR, neutrophil-to-lymphocyte ratio; NSE, 390 

neuron-specific enolase; PLR, platelet-to-lymphocyte ratio; PT, prothrombin time; SHAP, SHapley 391 

Additive exPlanations. 392 

SHAP waterfall plots illustrate the predictions for individual patients (Figures 5A–393 

D). For a patient with pathologically confirmed oLNM, the predicted oLNM 394 
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probability was 90.1% (Figure 5A). CA125 (39.71 U/mL), CYFRA21-1 (3.86 ng/mL), 395 

LMR (2.119), and NLR (3.507) were the main contributors to oLNM, with the 396 

greatest contributions from CA125 and CYFRA21-1. PLR (230.556) and NSE (6.56 397 

ng/mL) shifted the prediction away from oLNM. The complementary prediction for 398 

the same patient is shown in Figure 5B, with a 9.9% probability of no oLNM. For a 399 

patient without oLNM, the predicted oLNM probability was 3.6% (Figure 5C). Lower 400 

CYFRA21-1 levels (1.21 ng/mL), smaller tumour size (1.5 cm), and LMR (4.171) 401 

were the main contributors to a lower predicted risk. The corresponding probability of 402 

no oLNM was 96.4% (Figure 5D). The SHAP decision plot shows the cumulative 403 

feature contributions and their variation among patients in the internal validation 404 

cohort (Figure 5E). 405 
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 406 

Fig. 5. Patient-level SHAP interpretation of the final 10-feature CatBoost model. 407 

(A, B) SHAP waterfall plots for a patient with pathologically confirmed oLNM, showing predicted 408 

probabilities of 90.1% for oLNM and 9.9% for no oLNM, respectively. (C, D) Corresponding plots for 409 

a patient without oLNM, showing predicted probabilities of 3.6% for oLNM and 96.4% for no oLNM, 410 

respectively. (E) SHAP decision plot showing cumulative feature contributions across patients in the 411 

internal validation cohort. 412 

oLNM, occult lymph node metastasis; SHAP, SHapley Additive exPlanations. 413 

Web-based prediction tools 414 

The final 10-feature CatBoost model was deployed as an interactive web-based tool 415 
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for the individualised estimation of oLNM risk (Figure 6). After the 10 features are 416 

entered, the tool provides the predicted probability of oLNM and generates a SHAP 417 

force plot showing each feature’s contribution to the individual prediction in real time. 418 

The tool is available at https://lnminclinicalt1lungcancer.streamlit.app/. 419 

 420 

Fig. 6. Web-based application of the final 10-feature CatBoost model for oLNM risk assessment. 421 

After entry of the 10 required features, the application displays the predicted probability of oLNM and 422 

a SHAP force plot. In the example shown, the predicted probability of oLNM is 98.7%. Red features 423 

increase the prediction for oLNM, whereas blue features decrease it. 424 

oLNM, occult lymph node metastasis; SHAP, SHapley Additive exPlanations. 425 
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 426 

Discussion 427 

Patients with clinical T1N0 NSCLC may develop nodal metastases that remain 428 

undetected until pathological examination [20, 21]. In this study, oLNM was 429 

identified in 16.5% of patients in the development cohort and 18.5% in the external 430 

validation cohort, indicating residual nodal risk despite a cN0 classification. These 431 

rates may partly reflect the restriction to patients with a CTR > 0.5, a radiological 432 

phenotype associated with greater invasiveness, and the use of SLND in all patients, 433 

which enabled comprehensive pathological nodal assessment. Conventional 434 

preoperative imaging has limited sensitivity for the microscopic examination of nodal 435 

disease and occult N1/N2 metastases [4]. Thus, cN0 status alone cannot reliably 436 

exclude pathological nodal involvement. Additional preoperative risk stratification 437 

may help identify patients with a higher probability of residual oLNM and supplement 438 

established nodal staging and pathological assessment. 439 

Previous studies have predicted nodal metastasis in early-stage NSCLC using 440 

clinical characteristics, conventional imaging, PET/CT-derived parameters, radiomics, 441 

and multivariable models [22-25]. Radiomics and deep-learning approaches, however, 442 

often require image segmentation, complex feature extraction, and standardization 443 

across platforms, which may hinder their reproducibility and routine implementation 444 

[26, 27]. Our final CatBoost model used 10 routinely available preoperative variables 445 

reflecting the tumour burden, radiological invasiveness, tumour markers, systemic 446 

inflammation and immunity, and coagulation function. It required no specialized 447 
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image postprocessing or additional testing platforms. SHAP-guided feature selection 448 

reduced the feature set from 46 to 10, with a moderate decrease in the observed AUC. 449 

The model showed good discrimination in cross-validation and independent external 450 

validation. Decision curve analysis revealed greater net benefit for the final model 451 

than for individual predictors over a range of threshold probabilities. These findings 452 

support the potential use of routinely collected measurements for estimating oLNM 453 

risk. 454 

Tumour size contributed the most to the prediction, which is consistent with 455 

previous studies associating larger tumours with more aggressive behaviour and nodal 456 

metastasis in early-stage NSCLC [28, 29]. CTR ranked second in terms of feature 457 

contributions, which is consistent with the previous associations found among a 458 

greater solid component, tumour invasiveness, and nodal involvement [12, 30, 31]. 459 

CYFRA21-1, CA125, and NSE were also retained in the model; these variables have 460 

been linked to the tumour burden and nodal metastasis [32-36]. NLR, LMR, PLR, and 461 

monocyte count reflect systemic inflammatory and immune responses that are 462 

implicated in tumour progression and lymphatic metastasis [37-40]. The contribution 463 

of PT suggests that coagulation-related measurements may also provide information 464 

relevant to nodal metastatic risk [41, 42]. Although individual predictors had limited 465 

discrimination, the model combining 10 features exhibited better performance. These 466 

findings are consistent with the multifactorial nature of oLNM risk and support 467 

combining complementary clinical and biological information for estimating nodal 468 

metastatic risk. 469 
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A predicted probability alone does not explain how a model arrives at its estimate, 470 

which can make the result difficult to assess clinically [43]. SHAP was used to 471 

quantify feature contributions to the CatBoost model at both the population and 472 

patient levels [44]. Globally, tumour size, CTR, CYFRA21-1, CA125, and 473 

inflammation-related variables were the major contributors to the prediction. For 474 

individual patients, SHAP showed how specific feature values shifted the model 475 

output towards or away from oLNM risk. These explanations may help clinicians 476 

interpret risk estimates, alongside conventional clinical findings, and the web 477 

application presents them in an accessible format. However, SHAP values describe 478 

contributions within the fitted model. They do not establish causal effects or 479 

demonstrate that changing a variable would alter a patient’s oLNM risk [45]. 480 

Recent work on early-stage NSCLC has advocated tailoring treatment intensity to 481 

individual tumour risk and anatomical stage to avoid undertreatment and unnecessary 482 

intervention [13]. Residual oLNM risk is one component of this assessment in 483 

patients classified as cN0. In patients with clinical T1N0 NSCLC, overall tumour 484 

diameter ≤3 cm, and CTR > 0.5, our model may provide additional risk stratification 485 

alongside conventional nodal staging. A higher predicted risk may help identify 486 

patients who warrant particular attention during nodal assessment, whereas lower risk 487 

estimates may help identify patients with a lower predicted probability of occult 488 

disease. Nevertheless, model predictions alone should not determine the extent of 489 

lymph node dissection or justify reducing or omitting SLND. Any change in nodal 490 

management based on these predictions requires prospective validation and formal 491 
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evaluation of clinical impact. 492 

This study has several limitations. Its retrospective design remains susceptible to 493 

selection bias, information bias, and residual confounding despite the relatively large 494 

cohort and independent external validation. In addition, preoperative nodal staging 495 

was conducted according to routine clinical practice without a uniform imaging or 496 

invasive staging protocol. Differences in the staging work-up may have affected cN0 497 

classification and the observed prevalence of oLNM. The external validation of the 498 

model was conducted in patients from only one independent centre. Therefore, model 499 

performance should be further assessed across institutions, geographical regions, and 500 

clinical settings. Potentially informative data, including PET/CT metabolic parameters, 501 

radiomic features, and molecular alterations, were not incorporated into the model. 502 

Although these data may provide additional biological information, the model’s 503 

reliance on a small set of routinely available preoperative variables may facilitate 504 

clinical implementation. Finally, the model was developed to estimate oLNM risk in 505 

this study; however, its use for direct nodal management has not been established. The 506 

optimal clinical thresholds and the utility of the model for preoperative mediastinal 507 

staging, intraoperative nodal assessment, and patient outcomes remain uncertain. 508 

Prospective multicentre validation and clinical impact studies are needed, along with 509 

an assessment of whether selected multimodal data improve predictive performance 510 

beyond routine preoperative variables. 511 

Conclusions 512 

In this study, we developed and externally validated an interpretable model to 513 
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estimate preoperative oLNM risk in patients with clinical T1N0 NSCLC, an overall 514 

tumour diameter ≤3 cm, and a CTR > 0.5. The 10-feature CatBoost model showed 515 

good discrimination, as demonstrated by internal and external validation. SHAP was 516 

used to quantify feature contributions to individual predictions. The model may 517 

supplement conventional nodal staging by improving the accuracy of preoperative 518 

risk assessment. The prospective validation of the model is required to determine its 519 

clinical impact and role in guiding nodal management. 520 
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