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Background: Postoperative pulmonary complications (PPCs) signi cantly impair
patient recovery and adversely affect the long-term prognosis following lung
cancer surgery. Despite ongoing advancements in surgical techniques and
perioperative care, the incidence of PPCs remains elevated, underscoring the
pressing clinical necessity for dependable preoperative risk assessment tools.
Methods: This study employed a retrospective design, encompassing 1, 223
patients who underwent lung cancer surgery, from whom perioperative clinical
data were collected. Following data cleansing and feature selection, the dataset
was strati ed and randomly divided into training (70%) and testing (30%) sets.
Model development and hyperparameter tuning were executed using strati ed
10-fold cross-validation (CV) within the training set; all preprocessing and feature
selection procedures were con ned to the training folds to prevent information
leakage. The discriminative and calibration performance of various machine
learning algorithms were assessed, and clinical net bene ts were appraised
using decision curve analysis (DCA). Additionally, Shapley Additive Explanations
(SHAP) were employed to elucidate the contributions of speci c features to the
risk of developing PPCs.

Results: Among the evaluated models, the k-nearest neighbors (KNN) algorithm
demonstrated superior performance, evidenced by a high area under the receiver
operating characteristic curve (AUROC) and favorable clinical utility in the DCA.
SHAP analysis revealed that factors such as perioperative in ammatory burden,
diabetes, hypertension, and smoking history are pivotal in in uencing the risk
of PPCs.

Conclusion: The developed machine learning-based predictive model,
augmented with SHAP interpretations, effectively identi es patients at high risk
for PPCs prior to surgery. This model provides a robust scienti ¢ foundation for
tailored perioperative care and interventions, offering substantial potential for
clinical application.

KEYWORDS

lung cancersurgery, machine learning models, postoperative pulmonary complications
(PPCs), risk prediction, SHAP interpretation

01 frontiersin.org


https://www.frontiersin.org/articles/10.3389/fonc.2026.1749808/full
https://www.frontiersin.org/articles/10.3389/fonc.2026.1749808/full
https://www.frontiersin.org/articles/10.3389/fonc.2026.1749808/full
https://www.frontiersin.org/articles/10.3389/fonc.2026.1749808/full
https://www.frontiersin.org/articles/10.3389/fonc.2026.1749808/full
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org
http://crossmark.crossref.org/dialog/?doi=10.3389/fonc.2026.1749808&domain=pdf&date_stamp=2026-03-13
mailto:w14787888018@163.com
mailto:15025143016@163.com
mailto:skywz911@sina.com
https://doi.org/10.3389/fonc.2026.1749808
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/journals/oncology#editorial-board
https://www.frontiersin.org/journals/oncology#editorial-board
https://doi.org/10.3389/fonc.2026.1749808
https://www.frontiersin.org/journals/oncology

Sha et al.

1 Introduction

Lung cancer constitutes one of the malignant neoplasms with the
highest incidence and mortality rates worldwide (1). Surgical
resection remains a pivotal strategy for curing or signi cantly
prolonging survival in certain patients with non-small cell lung
cancer (2). Nevertheless, the prevalence of postoperative pulmonary
complications (PPCs) in clinical settings is considerable, typically
ranging from 7.4% to 48%, with an average incidence of
approximately 18.4% (3, 4). Common PPCs encompass atelectasis,
pneumonia, respiratory failure, and aspiration pneumonia (5). These
complications, which are heterogeneous in nature, markedly impair
patient prognosis, as evidenced by prolonged hospital stays, escalated
healthcare costs, increased readmission rates, and heightened
mortality risks both in the short and long term (6, 7). The
preoperative identi cation of high-risk individuals to facilitate
targeted perioperative optimization and interventions constitutes a
fundamental challenge in enhancing surgical outcomes and the
ef ciency of resource allocation (8, 9).

The existing research on PPCs in lung cancer is diverse.
Traditional statistical models and empirical scoring systems, such
as nomograms or logistic regression (LR) models, which are based
on perioperative baseline information and laboratory indicators,
have demonstrated moderate discriminative power in several
single-center studies. These models show some predictive ability
for common complications such as pneumonia and atelectasis (10,
11). However, many studies suffer from limited sample sizes and
lack suf cient external validation. They also have incomplete
reporting of calibration and decision-related statistical metrics,
which limits their generalizability and clinical applicability (12,
13). In recent years, machine learning has exhibited superior
discriminative ability compared to traditional methods in medical
prediction, capable of uncovering nonlinear relationships and
interaction effects within high-dimensional feature spaces (14).
Nevertheless, the insuf cient interpretability of these models often
poses a barrier to their clinical implementation (15). Shapley
Additive Explanations (SHAP), as a game theory-based
interpretative framework that is consistent both globally and
locally, can quantify the marginal contribution of individual
features to both individual predictions and overall model outputs.
This provides a powerful tool for enhancing model transparency
and clinical interpretability (16, 17). Currently, research focused on
the prediction of PPCs predominantly utilizes traditional statistical
models, accompanied by a limited array of disparate machine
learning initiatives. Notably, this eld faces challenges including a
dearth of external validation, opacity in the modeling processes, and
an absence of systematic, multi-algorithm comparative evaluations.
While in ammatory and immune-related indicators are promising
for predicting PPCs, their optimal thresholds and applicability
exhibit considerable variability across diverse populations, making
it challenging to achieve a uni ed and comprehensive risk
assessment (18).

This study aims to conduct a systematic benchmark
comparison of various machine learning models using a single-
center retrospective cohort. It evaluates the discriminative and
calibration performance through strati ed cross-validation (CV)
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and independent test sets, employing consistent data and processes.
By integrating SHAP, the study furnishes both global and
individual-level interpretability, identifying key perioperative risk
factors. Additionally, decision curve analysis (DCA) is employed to
assess the clinical net bene ts at different thresholds, aiming to
select PPCs prediction tools that balance performance and
feasibility. This approach provides a quantitative basis for risk
strati cation and individualized interventions in preoperative
anesthetic assessments.

2 Methods
2.1 Data collection

The protocol for this retrospective cohort study has been
approved by the Clinical Research Ethics Committee of the Third
Af liated Hospital of Kunming Medical University (KYLX2025-
162). Due to the retrospective design of the study and the
anonymization of the data, the requirement for informed consent
was waived. From January 2024 to January 2025, a retrospective
collection of data was conducted on surgical patients from the
Department of Thoracic Surgery at the Third Af liated Hospital of
Kunming Medical University, totaling 1, 223 patients. After the
exclusion of 119 patients who underwent non-lung cancer surgeries,
4 minors, and 3 patients with severe data de ciencies, data from a
total of 1, 097 patients were included in the analysis. The collected
data encompass patient characteristics, laboratory indicators, tumor
size, duration of surgery, and surgical site information (Table 1).

The inclusion criteria were established as follows (1): patients
diagnosed with lung cancer, con rmed through pathological
examination; (2) patients aged 18 years or older; (3) patients
possessing comprehensive clinical and pathological data. The
exclusion criteria encompassed: (1) patients suffering from
signi cant comorbidities that could severely distort the outcomes;
(2) patients with severe immunode ciency diseases; (3) patients
who encountered major technical complications during surgery,
which precluded completion of the procedure as planned; (4)
patients with intellectual disabilities or other severe mental health
conditions. Furthermore, postoperative complications identi ed
included atelectasis, pulmonary infections, chylothorax, persistent
air leaks, persistent pleural effusion (de ned as drainage time
exceeding ve days), pneumothorax, subcutaneous emphysema,
and hemothorax.

2.2 Data preprocessing

A preliminary analysis was conducted on 20 clinical
characteristics. Among these characteristics, the categorical
variables included gender, history of surgery, hypertension,
coronary artery disease, diabetes, smoking history, surgical site,
status of intraoperative lymph node dissection (LND), and the
American Society of Anesthesiologists physical status classi cation
(ASA); whereas the remaining variables were continuous and
included age, body mass index (BMI), duration of surgery,
duration of anesthesia, white blood cell count, systemic
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TABLE 1 Baseline characteristics of clinical data.

Variable Total (N =1 PPCs=No (N = 816) PPCs=Yes (N = 281) P-value

Gender, n(%)

Female 642 (58.5) 511 (62.6) 131 (46.6) <0.001
Male 455 (41.5) 305 (37.4) 150 (53.4)

PSH, n(%)

No 922 (84.0) 672 (82.4) ' 250 (89.0) 0.012
Yes 175 (16.0) 144 (17.6) 31 (11.0)

Hypertension, n(%)

No 912 (83.1) 705 (86.4) 207 (73.7) <0.001

Yes 185 (16.9) 111 (13.6) 74 (26.3)

Diabetes, n(%)

No 945 (86.1) 730 (89.5) 215 (76.5) <0.001
Yes 152 (13.9) 86 (10.5) 66 (23.5)

CHD, n(%)

No 1071 (97.6) 798 (97.8) 273 (97.2) 0.702
Yes 26 (2.4) 18 (2.2) 8 (2.8)

Smoke, n(%)

No 805 (73.4) 654 (80.1) 151 (53.7) <0.001

Yes 292 (26.6) 162 (19.9) 130 (46.3)

Surgical site, n(%)

Right 623 (56.8) 460 (56.4) 163 (58.0) 0.684
Left 474 (43.2) 356 (43.6) 118 (42.0)

LND, n(%)

No 566 (51.6) 464 (56.9) 102 (36.3) <0.001
Yes 531 (48.4) 352 (43.1) 179 (63.7)

ASA PS, n(%)

I 4(0.4) 2(02) 2(07) <0.001
1l 978 (89.2) 747 (91.5) 231 (82.2)

1 113 (10.3) 67 (8.2) 46 (16.4)

v 2(0.2) 0 (0.0) 2(07)

Age, mean (SD) 55.61 (10.78) 54.38 (10.73) 59.17 (10.11) <0.001
BMI, mean (SD) 2351 (3.19) 23.46 (3.13) 23.65 (3.35) 0.403
Operation time, mean (SD) 83.32 (35.92) 77.37 (31.36) 100.58 (42.25) <0.001
Anesthesia time, mean (SD) 100.92 (36.91) 95.37 (32.82) 117.02 (42.99) <0.001
WBC, mean (SD) 6.20 (1.89) 6.26 (1.94) 6.02 (1.73) 0.061
SIRI, mean (SD) 1.02 (1.19) 0.80 (0.51) 1,69 (2.04) <0.001
PLT, mean (SD) 241.04 (68.64) 240.86 (68.23) 241.57 (69.92) 0.881
HB, mean (SD) 148.17 (16.30) 148.79 (15.94) 146.36 (17.21) 0.031
ALB, mean (SD) 45.18 (3.29) 45.27 (3.07) 44.92 (3.84) 0122
FEV1%, mean (SD) 99.25 (18.20) 99.19 (18.13) ' 99.43 (18.45) 0.847
DLCO%, mean (SD) 106.97 (22.98) 107.11 (22.73) 106.58 (23.74) 0.742

in ammatory response syndrome score, platelet count, hemoglobin ~ results from the preoperative complete blood count with
(HB) level, albumin level, forced expiratory volume in one second  differential, using the absolute neutrophil, monocyte, and
(FEV1%), and diffusing capacity of the lungs for carbon monoxide  lymphocyte counts from the test performed within 7 days before
(DLCO%). For variable-related information, see Supplementary  surgery or the most recent preoperative test, according to the
Table 1. Speci cally, SIRI was calculated strictly based on baseline  formula SIRI = Neutrophils x Monocytes/Lymphocytes.This
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study did not include intraoperative or immediate postoperative
dynamic indicators.If a complete blood count was performed on the
morning of surgery or prior to entering the operating room and it
was the last preoperative test, the result was used as the baseline
input to more accurately re ect the preoperative in ammatory
status at the time point closest to surgery.

In this study, LND was included as a binary variable based on
whether it was performed (1 = yes, 0 = no), and no further ne-
grained information was recorded regarding the extent of dissection
—such as systematic mediastinal lymph node dissection versus
lymph node sampling, the number of stations, or the dissection

eld.The de nitions of the relevant variables have been clearly
speci ed in Supplementary Table 1. It should be emphasized that
LND is an intraoperative procedural variable, and its dissection
extent is primarily determined by the surgeon through an integrated
assessment of clinical needs, intraoperative ndings, disease burden,
and operative complexity; therefore, confounding by indication
may be present.Accordingly, LND was incorporated into the
model to enhance the accuracy and practical utility of predicting
perioperative PPCs, rather than to interpret it as a modi able
preoperative risk factor for patients.

In the analysis of categorical variables, all variables except for the
ASA were coded as “1” to indicate the presence or occurrence of a
condition and “0” to denote the absence or non-occurrence. The ASA
was categorized distinctly as “1”, “2”, “3”, and “4”. Continuous variables
were standardized using Z-scores. We chose missForest (random
forest-based iterative imputation) because it is nonparametric, can
capture nonlinear relationships and interactions, and is suitable for
datasets containing both continuous and categorical clinical variables.
The distribution of key variables showed no meaningful change before
vs. after imputation (Supplementary Figure 1). Descriptive statistics
were subsequently performed on the organized data (Supplementary
Figures 2, 3), with all data processing executed using the R
programming language (version 4.4.2).

2.3 Key feature selection

This study utilizes univariate and multivariate LR analyses to
screen the features incorporated into the model, ultimately selecting
those that demonstrate signi cant statistical relevance in either the
univariate or multivariate contexts (Table 2).

2.4 Machine learning model

This study employs a range of algorithms to construct
predictive models, including LR, Decision Tree (DT), Random
Forest (RF), KNN, Support Vector Classi cation (SVC), Neural
Networks (NN), Extreme Gradient Boosting (XGBoost), and Light
Gradient Boosting Machine (LightGBM), selected from a total of 12
machine learning algorithms. All machine learning analyses were
conducted using R version 4.4.2. The research sample was randomly
divided into a training set (n=768) and a test set (n=329), adhering
to a 7:3 ratio. During the training phase, a 10-fold CV method was
employed to evaluate model performance, while the test set
underwent evaluation using metrics such as AUC, standard
curves, and DCA curves.
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TABLE 2 Results of univariate and multivariate regression analysis.

Univariable OR  Multivariable

Variable Grou
P (95%ClI, P) OR (95%Cl, P)
Gender Female
1.92 (1.46-2.52, _
Male p<.001) 0.94 (0.63-1.40, p=.755)
PSH No
0.58 (0.38-0.88,
Y . .32-0. =.01
es p=010) 0.53 (0.32-0.86, p=.010)
Hypertension No
2.27 (1.63-3.17,
Yes p<.001) 2.12 (1.42-3.16, p<.001)
Diabetes No
2.61 (1.83-3.72,
Yes p<.001) 2.73 (1.79-4.18, p<.001)
CHD No
1.30 (0.56-3.02,
Yes b=543)
Smoke No
3.48 (2.60-4.65,
Yes b<.001) 2.97 (1.97-4.48, p<.001)
Surgical.site Right
0.94 (0.71-1.23,
Left p=633)
LND No
2.31 (1.75-3.06,
Yes p<.001) 2.01 (1.43-2.82, p<.001)
ASA.PS |
I 0.31 (0.04-2.21,
p=.242)
m 0.69 (0.09-5.05,
p=.712)
v
Mean + 1.05 (1.03-1.06,
Age D p<.001) 1.04 (1.02-1.06, p<.001)
Mean + 1.02 (0.98-1.06,
BMI
SD p=.403)
L. Mean + 1.02 (1.01-1.02,
Operation.time D p<.001) 1.05 (1.03-1.08, p<.001)
L Mean + 1.02 (1.01-1.02, _
Anesthesia.time D p<.001) 0.96 (0.94-0.99, p=.001)
Mean + 0.93 (0.86-1.00,
WBC SD p=.061)
Mean + 2.08 (1.74-2.49,
SIRI D 0<.001) 1.92 (1.59-2.31, p<.001)
Mean + 1.00 (1.00-1.00,
PLT
SD p=.881)
Mean + 0.99 (0.98-1.00, _
HB D p=032) 0.99 (0.98-1.00, p=.231)
Mean + 0.97 (0.93-1.01,
ALB SD p=.125)
Mean + 1.00 (0.99-1.01,
0,
FEV1% D p=847)
Mean + 1.00 (0.99-1.00,
0,
DLCO% SD p=.742)
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The primary intended application of this study is to predict the
risk of perioperative PPCs. In this context, false-negative results
may delay the identi cation of high-risk patients, and their clinical
cost is typically higher than that of false-positive results. Therefore,
in addition to reporting model performance under the default
threshold of 0.5, we adjusted the classi cation threshold without
altering the model training process.Speci cally, the predicted
probabilities output by the KNN model on the test set were
converted into class labels using cutoff = 0.5 (default) and cutoff
= 0.3 (screening-oriented threshold), and performance metrics—
including sensitivity, speci city, PPV, NPV, and overall accuracy—
were compared to evaluate the model’s clinical applicability.

Given that the incidence of PPCs in this dataset was
approximately 25.6%, class imbalance was present.We further
conducted a SMOTE sensitivity analysis using the training set
only.Speci cally, categorical variables in the training set were rst
one-hot encoded, and synthetic samples for the minority class
(PPCs = Yes) were generated in this feature space via k-nearest-
neighbor interpolation.SMOTE was implemented using the R
package smotefamily, with the number of neighbors set to K =5
and the oversampling multiplier set to dup_size = 2. Subsequently,
the KNN model was retrained on the augmented training set.To
avoid information leakage and overestimation of performance, no
resampling was performed on the test set, which consistently
retained the original class distribution for independent evaluation.

To enhance the transparency of the feature-selection rationale
and to assess whether linear screening might miss nonlinear
information, we compared an 11-variable KNN model with a full
20-variable KNN model under the same training/test split and
identical preprocessing and hyperparameter-tuning strategies.In
the independent test set, we reported the AUC, sensitivity/
speci city, calibration (calibration curves/Brier score), and net
bene t from DCA.

Ultimately, the KNN model was identi ed as the most effective
predictive model through comprehensive evaluation, and the SHAP
method was utilized for feature interpretation of the optimal model.
Feature ranking was determined by calculating SHAP values and
ranking features according to their absolute values.

2.5 Statistical analysis

Continuous data were statistically analyzed using the t-test and
are expressed as mean * standard deviation. Categorical data were
analyzed using the Chi-squared test and are presented as frequency
(percentage). This study utilized R version 4.4.2 throughout
the analysis.

3 Result
3.1 Patient characteristics

This study included 1, 097 postoperative lung cancer patients,
among whom 281 (25.6%) experienced PPCs. These complications
included 226 cases of pulmonary infection, 55 cases of pleural
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effusion, and 48 cases of atelectasis, with a few cases presenting
combined pneumothorax and chylothorax. The study design details
are presented in Figure 1. Missing data were handled using
MissForest for nonparametric iterative imputation, and most
variables had no missing values.Among key pulmonary function
indices, FEV1% was missing in 38 cases (3.46%) and DLCO% was
missing in 44 cases (4.01%); the missingness rates of all other
continuous variables were low (maximum 0.09%) (Supplementary
Table 3).Comparison of the distributions of key variables before and
after imputation showed no clinically meaningful systematic
changes (Supplementary Figure 1).Therefore, subsequent analyses
were conducted using the imputed dataset.The strati ed box plot
(Supplementary Figure 2) revealed that the PPCs group had longer
surgical and anesthesia times, higher in ammatory burden
(noted by increased systemic in ammatory response index (SIRI)
and a higher dispersion, and a slight elevation in WBC count), and
poorer nutritional and hematological status (HB, ALB) as well as
reduced lung function reserve (FEV1%, DLCO%), consistent with
trends observed in Table 1. The distribution of categorical variables
(Supplementary Figure 3) indicated that the sample predominantly
consisted of females and patients classi ed as ASA 1I, with most
lacking a history of previous surgeries and cardiovascular metabolic
comorbidities, and a certain proportion being smokers; the surgical
side was slightly more often on the right, with a comparable
rate of LND. This baseline composition provides necessary
clinical context and comparability for model performance and
interpretative analysis.

The differences in the distribution of categorical variables such
as gender, previous surgical history (PSH), hypertension, diabetes,
smoking history, LND, and ASA classi cation between the two
patient groups were statistically signi cant (P<0.05, Table 1).
Speci cally, patients who developed PPCs were predominantly
male (53.4% vs. 37.4%) and had a signi cantly higher proportion
of comorbidities such as hypertension (26.3% vs. 13.6%), diabetes
(23.5% vs. 10.5%), and a history of smoking (46.3% vs. 19.9%).
Additionally, the proportion of patients undergoing LND during
surgery was markedly higher in the PPCs group (63.7% vs. 43.1%),
and those with higher ASA classi cations (I11-1V) had an increased
risk of complications. In contrast, there was no signi cant difference
in the distribution of surgical sites and the presence of coronary
artery disease between the two groups. Overall, patients in the PPCs
group were older, had longer anesthesia and surgical durations,
exhibited higher SIRI levels, and had slightly lower HB levels,
indicating that the occurrence of PPCs is closely related to the
patients’ baseline conditions and perioperative stress responses.

3.2 Development of a logistic regression
nomogram based on key feature selection

Through univariate and multivariate LR analyses, signi cant
factors in uencing the occurrence of PPCs were identi ed. The
univariate analysis indicated that gender, PSH, hypertension,
diabetes, smoking history, LND, and anesthesia duration were
signi cantly associated with the occurrence of PPCs (Table 2). In
the multivariate regression analysis, hypertension, diabetes,
smoking history, surgical duration, and the SIRI were identi ed
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Research flowchart of machine learning prediction model for pulmonary complications after lung cancer surgery

Stage 1: Data Collection and Screening

Initial Patient Collection
N=1,223 (2024.1-2025.1)

Exclusion Criteria
Non-lung cancer surgeries (119 cases)
+ Minors (4 cases)

Final Inclusion for Analysis
N=1,097

+ Severe data loss (3 cases

Variable Organization (20 Clinical Features)

Stage 2: Data Preprocessing

« Categorical Variables: Gender, Surgical History, Hypertension,
Diabetes, Smoking History, ASA Classification, etc.

« Continuous Variables: Age, BMI, Duration of Surgery, SIRI,
HB, ALB, FEV1%, DLCO%, etc.

« Z-score Standardization Processing

Missing Value Handling
MissForest Imputation Method

No Significant Difference Before
and After Imputation

(Supplementary Figure S1)

Descriptive Statistical Analysis

PPCs Incidence Rate: 25.6% (281/1097)
226 cases of pulmonary infection,
55 cases of pleural effusion,
48 cases of atelectasis

Y

Stage 3: Feature Selection

Univariate Logistic Regression Analysis
Identify significantly associated factors (P < 0.05)
Gender, surgical history, hypertension, diabetes, smoking, LND,
age, duration of surgery/anesthesia, SIRI, etc.

—>

Multivariate Logistic Regression Analysis
Identify Independent Risk Factors
Hypertension (OR = 2.12), diabetes (OR = 2.73), smoking (OR = 2.97),
duration of surgery, SIRI, etc.

Y

Stage 4: Dataset Partitioning

l Training Set:N=768 (70%)

Test Set:N=329 (30%)

Stratified random sp\imn%to avoid information leakage

Stage 5: Machine Learning Model Construction

LR. KNN. DT. RF. XGBoost. LightGBM. SVM. NNET. BPNN. PLS-DA. GNB. GBDT

‘ Comparison of 12 Machine Learning Algorithms

« 10-fold stratified cross-validation
« Hyperparameter tuning via Grid Search
« Overfitting prevention

Optimal Model: KNN
« Training set AUC: 0.960 (0.948-0.972)
« Test set AUC: 0.807 (0.775-0.859)

« Specificity: 0.942 | Accuracy: 0.778

Y

Stage 6: Model Evaluation

Discrimination Assessment

Calibration Assessment

Predicted Probability vs. Observed Incidence

ROC Curve Analysis Calibration Curve

AUC Comparison

Sensitivity/Specificity Balance Consistency Evaluation
(Figure 2A-B)

(Figure 2C)

Clinical Net Benefit Evaluation
Decision Curve Analysis (DCA)
Threshold Range: 0.10-0.40
Superior to the Baseline Strategy
(Figure 2D)

Y

Stage 7: SHAP Interpretability Analysis

Identification of Key Predictive Factors
« High-impact factors: LND, smoking history
» Moderate-impact factors: hypertension, diabetes, SIRI, duration of surgery
* Low-impact factors: age, duration of anesthesia
« Minor-impact factors: sex, HB, surgical history

SHAP values quantify feature contributions
Beeswarm plot, waterfall plot, dependence plot
(Figure 3A-D)

Feature Interaction Analysis

- Interaction between SIRI and sex/surgical history

+ Positive correlation between duration of surgery and duration of anesthesia
+ Synergistic effect between diabetes and sex/surgical history

+ Enhanced interaction between smoking and sex

A markedly increased risk was observed in female diabetic patients
without prior surgical history and in male smokers.

Y

Stage 8: Clinical Utility

Preoperative risk assessment

Identification of high-risk PPC patients
Personalized risk stratification

Assistance in anesthesia decision-makingC

Perioperative intervention guidance
Smoking cessation management

Blood glucose/blood pressure optimization
Inflammation burden control

Optimization of surgical strategies
Rationalization of LND scope
Optimization of surgical duration
Lung-protective ventilation strategies

FIGURE 1
Flowchart.

Complete Research Workflow of a Machine Learning—Based and SHAP-Interpreted Prediction Model for Postoperative Pulmonary Complications in Lung Cancer Patients

as independent risk factors. LND is an intraoperative procedural
variable, and its regression coef cient and OR primarily re ect
predictive association and may encode information on clinical need,
disease burden, and operative complexity; therefore, this variable
should not be interpreted causally. Speci cally, hypertension (OR =
2.12, p<0.001), diabetes (OR = 2.73, p<0.001), smoking history (OR
=2.97, p<0.001), and longer surgical duration (OR = 1.05, p<0.001)
were found to signi cantly increase the risk of PPCs (Table 2).

Frontiers in Oncology

06

Based on the results of the univariate and multivariate LR
analyses, a nhomogram was constructed to predict PPCs in lung
cancer patients. As an intraoperative procedural variable, LND was
included primarily to improve the predictive performance for
perioperative PPCs, and it should not be clinically interpreted as
a directly modi able preoperative risk factor.The nomogram
included eleven variables: HB, SIRI, duration of surgery/
anesthesia, age, LND, smoking history, diabetes, hypertension,
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PSH, and gender. Each variable was assigned a score, and the total
score represents the likelihood of PPCs. The nomogram illustrates
that smoking history, diabetes, hypertension, SIRI, and LND are
signi cant contributors to the prediction (Figure 2).

3.3 Machine learning model building

To ensure the scienti ¢ progression of the analysis and enhance
its clinical interpretability, we initially constructed a baseline model
using multifactor LR (Baseline-LR). This model serves as a
referential framework, facilitating the interpretation of the
direction and magnitude of variable effects. Building upon this
foundation, we systematically compared various machine learning
algorithms to assess their potential to provide incremental value
over Baseline-LR, particularly in modeling nonlinear relationships
and feature interactions.

In an effort to construct an accurate predictive model for lung
cancer, this study utilized a comparative analysis of 12 classical
machine learning algorithms: LR, KNN, DT, RF, XGBoost
(XGBoost), Light Gradient Boosting Machine (LightGBM),
Support Vector Machine (SVM), Neural Network (NNET),
Backpropagation Neural Network (BPNN), Partial Least Squares
Discriminant Analysis (PLS-DA), Gaussian Naive Bayes (GNB),
and Gradient Boosting Decision Tree (GBDT). All datasets were
randomly divided into a training set (n=768) and a testing set
(n=329), with the implementation of a 10-fold CV method to
mitigate the risk of over tting. Hyperparameter tuning for all
models was meticulously conducted using the Grid Search
method to ensure that each algorithm was optimized under the
best possible settings (Table 3).

Among all the machine learning models compared, the KNN
model achieved an AUC of 0.807 (95% CI 0.775-0.859) on the test
set, signi cantly outperforming other models, such as XGBoost

10.3389/fonc.2026.1749808

(AUC 0.797) and LightGBM (AUC 0.802). Although the KNN
model slightly underperforms in terms of AUC compared to some
models, it demonstrates a considerable advantage in balancing
sensitivity and speci city, excelling notably in speci city, which
reached 0.942.

The research data were strati ed and randomly divided into
training and testing sets in a 7:3 ratio. All model development and
hyperparameter tuning were conducted using CV on the training
set, whereas the testing set was used solely for a one-time
independent evaluation. Within this framework, we assessed the
performance of various models based on the ROC curve
(Figures 3A, B). We observed that the AUC of the KNN model
on the training set was 0.960 (95% CIl 0.948-0.972), and on the
testing set, it was 0.807 (95% CI 0.775-0.859), indicating that the
KNN model possesses high diagnostic capability, particularly
demonstrating robust performance in the training set. The
standard curve indicates that the KNN model aligns closely with
the ideal diagonal line within the probability range of 0.2-0.6,
suggesting that the KNN model exhibits good predictive
calibration in practical applications (Figure 3C).

DCA showed that within a threshold probability range of 0.10—
0.40, the model provided a higher net bene t than either the treat-all or
treat-none strategies.Accordingly, we recommend an operating
threshold as follows: patients with a model-predicted PPCs
probability of  0.30 should be classi ed as high risk, indicating that
perioperative management should be escalated (Figure 3D). These
results suggest that the KNN model can provide signi cant net bene ts
for clinicians in perioperative risk strati cation and intervention
decision-making, thereby demonstrating strong clinical applicability.

In addition, we compared the 11-variable KNN model with the
full 20-variable feature model. The full-feature model exhibited
perfect tting in the training set but provided no gain in the test
set, with the AUC decreasing from 0.807 to 0.787, sensitivity
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FIGURE 2
LR model nomogram.
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TABLE 3 Model evaluation metrics for the training set and test set.

10.3389/fonc.2026.1749808

ML model AUC (95%Cl) Accuracy Sensitivity Speci city
Logit

Train 0.844 (0.813-0.876) 0.824 0.843 073 0477 0.941
Test 0.779 (0.720-0.837) 0.772 0.792 0.644 0.33 0.934
KNN

Train 0.960 (0.948-0.972) 0.889 0.883 0922 0611 0.983
Test 0.807 (0.775-0.859) 0.778 0.794 0.674 0.33 0.942
DT

Train 0.841 (0.805-0.877) 0.867 0.878 0818 0.606 0.955
Test 0.712 (0.647-0.777) 0.747 0.788 0.545 0.341 0.896
RF '

Train 1.000 (1.000-1.000) 0.990 1.000 0.960 1 0.986
Test 0.791 (0.738-0.843) 0.766 0.831 0.568 0522 0.855
XGBoost

Train 0.962 (0.949-0.975) 0.904 0.897 0.934 0.663 0.984
Test 0.797 (0.743-0.851) 0.793 0.810 0.700 0.398 0.938
LightGBM

Train 0.987 (0.981-0.992) 0.922 0.904 0.974 0.774 0.994
Test 0.802 (0.749-0.854) 0.757 0.822 0.580 0.543 0.843
SVM

Train 0.919 (0.896-0.943) 0.850 0.850 0.850 0.656 0.944
Test 0.790 (0.736-0.845) 0.766 0.784 0516 0.548 0.883
NNET

Train 0.909 (0.879-0.938) 0.895 0.939 0.762 0.808 0.922
Test 0.761 (0.701-0.820) 0.742 0.846 0.455 0519 0.810
BPNN

Train 0.910 (0.878-0.942) 0.952 0.974 0.886 0.919 0.962
Test 0.732 (0.669-0.796) 0.757 0.855 0.489 0.551 0.821
PLS-DA

Train 0.866 (0.838-0.894) 0.828 0.963 0.425 0.796 0.833
Test 0.795 (0.740-0.851) 0.772 0.942 0.307 0.659 0.788
GNB

Train 0.818 (0.783-0.852) 0.807 0.920 0472 0.664 0.838
Test 0.759 (0.698-0.819) 0.763 0.909 0.364 0523 0.796
GBDT

Train 0.937 (0.920-0.955) 0.876 0.965 0.611 0.855 0.881
Test 0.788 (0.735-0.841) 0.769 0.913 0.375 0611 0.800

increased from 0.33 to 0.42, whereas speci city decreased from
0.942 to 0.917 (Supplementary Table 2).The calibration curve and
DCA net-bene t curve of the full-feature model were overall
similar to those of the 11-variable model (Supplementary
Figure 4).Considering generalization risk, model complexity, and
the clinical burden of data collection, we retained the 11-variable
model as the primary analysis in the main text, and placed the full-
feature results in the Supplementary Materials.

Under the default threshold (cutoff = 0.5), the KNN model
achieved a sensitivity of 0.33 in the testing set, suggesting that
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approximately 67% of patients with PPCs could be missed, which
limits its utility for clinical screening.Given that false negatives carry a
higher cost in early warning, we lowered the threshold to cutoff = 0.3
and evaluated performance with this xed threshold in an independent
testing set.After threshold adjustment, testing set sensitivity increased
from 0.33 to 0591, with speci city of 0.834, indicating a marked
reduction in missed cases at an acceptable level of speci city. To address
class imbalance, we applied SMOTE to the training set and retrained
the KNN model After SMOTE, the model achieved a testing set
sensitivity of 0.539 and speci city of 0.830 (Table 4).
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Machine learning model curves. (A, B) ROC curves for the training and test sets. (C) Calibration curves. (D) DCA curves.

3.4 Shapley additive explanations

SHAP analysis identi es the primary predictive factors of the
KNN model as LND and smoking, followed by hypertension,
diabetes, SIRI, and surgical duration. Age and anesthesia time
contribute moderately to the model, whereas gender, HB, and
PSH have minimal impacts. Among the above factors, LND is an
intraoperative procedural variable, and SHAP re ects its
importance and direction of association in the model’s
predictions, it may partially encode information on clinical need,
disease burden, and operative complexity, and therefore should not
be interpreted causally.The beeswarm plot illustrates that high
values of risk factors correlate with a concentration of positive
SHAP values, indicating an increase in risk, whereas protective
factors show a negative contribution. The waterfall chart further
demonstrates that prolonged anesthesia time and extensive LND
signi cantly elevate the predicted probability of adverse outcomes,
while non-smoking status and shorter surgical durations are
associated with reduced risk. Dependence analysis reveals a
monotonically increasing relationship between SIRI and SHAP
values, indicating that as SIRI increases, so does its contribution
to risk. Additionally, the risk associated with extended surgical
duration is synergistically ampli ed by prolonged anesthesia time.
In contrast, diabetes and smoking exhibit a stepwise enhancement
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in their effects, while gender and PSH only demonstrate mild
modulation of risk. Collectively, LND, smoking, hypertension,
diabetes, SIRI, surgical duration, age, and anesthesia time are
critical in driving risk assessments, whereas the independent
contributions of HB, gender, and PSH are limited. Moreover, the
analysis of interactions among clinical features reveals that SHAP
values for SIRI are predominantly in uenced by female patients
without previous surgical history, as shown in Figure 4D(a-b).
There exists a linear positive correlation between surgical
duration and anesthesia time; an increase in surgical duration not
only elevates SHAP values but also leads the model to predict a
higher probability of PPCs. The model’s predictive probability is
signi cantly enhanced in female diabetic patients without prior
surgical history (Figure 4D(d-e)) and in smoking male patients
(Figure 4D(f)).

To explore the relationship between operative time and the
effect of SIRI, we plotted the SHAP dependence plot for SIRI in the
KNN model and colored the points by operation time
(Supplementary Figure 5).The results showed that when SIRI was
low (approximately < 2), the SHAP values were generally close to 0
and were minimally in uenced by operative time.When SIRI
increased (approximately > 3), the SHAP values rose markedly,
and at comparable SIRI levels, individuals with longer operative
times corresponded to higher SHAP values.
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TABLE 4 KNN model threshold adjustment and SMOTE processing.

10.3389/fonc.2026.1749808

ML model AUC (95%CI) Accuracy Sensitivity Speci city
Model_knn

Train 0.960 (0.948-0.972) 0.889 0.883 0.922 0.611 0.983
Test 0.807 (0.775-0.859) 0.778 0.794 0.674 033 0.942
Cutoff=0.3

Train 0.960 (0.948-0.972) 0.893 0.751 0.881 0.860 0.904
Test 0.807 (0.775-0.859) 0.769 0.848 0.565 0.591 0.834
SMOTE

Train 1.000 (1.000-1.000) 0.995 1.000 0.990 1.000 0.990
Test 0.732 (0.670-0.794) 0.754 0.833 0539 0.546 0.830

4 Discussion

In light of the limitations of existing models, this study conducted
a systematic comparison of twelve machine learning models using
real-world data from a single center, beginning with the decision-
making scenarios typical of anesthesiologists. Discriminative and
calibration performances were evaluated under a consistent data
and process framework, employing strati ed CV and a held-out
test set. We incorporated DCA to quantify the net bene ts at various
clinical thresholds and utilized SHAP values to enhance
interpretability at both global and individual levels. The ndings
demonstrated that the KNN model provided the most effective
performance in the test set, exhibiting superior discriminative
ability while maintaining stable calibration. The DCA con rmed its
signi cant net bene t within clinically relevant threshold ranges. In
early warning for PPCs, false negatives imply that high-risk patients
are not identi ed in a timely manner, and their potential harm
typically outweighs that of false positives.Therefore, model
deployment should not mechanically adopt the default threshold of
0.5, instead, the threshold should be set in accordance with clinical
objectives and resource constraints.In this study, the KNN model
achieved a test-set sensitivity of 0.33 at cutoff = 0.5.After lowering the
threshold to 0.3 and evaluating it as a xed cutoff, sensitivity
increased to 0.591 while speci city remained 0.834, suggesting that
reducing missed cases at an acceptable false-alarm level better aligns
with clinical use.In addition, given the class imbalance with a PPCs
incidence of approximately 25.6%, we performed a SMOTE
sensitivity analysis in the training set, while keeping the test set at
its original distribution to avoid information leakage. After SMOTE,
test-set sensitivity was 0.539 and speci city was 0.830, but the AUC
decreased despite excellent training-set performance, indicating that
oversampling may introduce over tting risk and should be further
weighed under external validation or within a cost-sensitive learning
framework.To assess whether linear screening might omit strongly
predictive nonlinear features, we compared the 11-variable KNN
model with the full 20-variable KNN model. Although the full-feature
model performed better in the training set, it was not overall superior
to the 11-variable model in the testing set, and differences in
calibration and DCA were limited, considering generalization risk
and the clinical burden of data collection, the 11-variable model was
retained as the primary model in the main text.SHAP analysis
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identi ed LND, smoking, hypertension, diabetes, SIRI, surgical
duration, age, and anesthesia duration as critical factors in uencing
predictions, offering actionable insights for intervention strategies
such as smoking cessation management, optimization of blood
glucose and blood pressure levels, control of in ammatory load,
and management of perioperative processes.In this study, LND was
recorded only as a binary indicator of whether it was performed, and
the data could not distinguish differences in extent (e.g., systematic
mediastinal dissection vs sampling), therefore, its risk weight should
not be interpreted as implying that a more extensive dissection is
associated with a higher or lower risk.In addition, the observed higher
risk of PPCs among patients undergoing LND should be interpreted
in light of potential confounding by indication.More extensive
dissection may re ect a higher tumor burden, more complex
anatomical dissection, and longer durations of surgery and one-
lung ventilation.This study corroborates previous research identifying
LND, smoking, surgical duration, anesthesia duration, and age as
signi cant risk factors for PPCs (3, 19, 20). Elderly patients face an
elevated risk of PPCs due to physiological decline and a greater
prevalence of comorbidities such as COPD, cardiovascular, and
metabolic disorders (21). Chronic smoking aggravates the
deterioration of lung function through in ammation of the small
airways, thereby increasing susceptibility to complications (3). An
extended surgical duration signi cantly raises the risk of PPCs, with
patients undergoing LND facing approximately twice the risk
compared to those without such procedures.

Although anesthesia duration is positively correlated in univariate
analyses, it exhibits a negative coef cient in multivariate models due to
high collinearity with surgical duration, yet it can still serve as a proxy
for “duration-type exposure.” Mechanistically, prolonged surgical
duration increases risks associated with one-lung ventilation,
operative trauma, and systemic in ammatory response,
accompanied by uid accumulation, hypothermia, and cumulative
anesthetic dosage. These factors collectively contribute to alveolar
shear stress, oxidative stress, and limited lung re-expansion, leading to
atelectasis, infection, and hypoxia (22). Anesthesia duration re ects
the ‘dose-time’ effect of anesthetic management factors, including
mechanical ventilation, intrapulmonary shunting, temperature, and
acid-base balance (23, 24). An expansion in the scope of LND can
compromise the blood supply and lymphatic drainage at the bronchial
stumps, causing edema, secretion retention, and damage to the
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FIGURE 4

Shapley additive explanations. (A, B) SHAP analysis important feature distribution bar chart and beeswarm plot. (C) Single sample feature force plot.
(D) a-b. Dual feature dependence plot of SIRI with gender and PSH; c. Dual feature dependence plot of surgical duration and anesthesia time; d-e.
Dual feature dependence plot of diabetes with gender and PSH; f. Dual feature dependence plot of smoking with gender.

mucosal barrier. Concurrently, it heightens the risk of traction and
nerve damage, impairing cough and sputum clearance functions (25).
LND is often correlated with extended one-lung ventilation time and
overall surgical duration, which collectively increase the incidence of
PPCs (26). However, these inferences require validation within a more
rigorous causal-inference framework; therefore, clinical decision-
making should integrate patients’ baseline risk and perioperative
management while adhering to oncologic principles. This includes
limiting the extent of LND in accordance with oncologic
requirements, optimizing surgical processes, and strengthening lung-
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protective ventilation as well as temperature,
management to mitigate the risk of PPCs.
Hypertension and diabetes, recognized as independent high-
risk factors, substantially elevate the risk of PPCs. In hypertensive
patients, chronic endothelial dysfunction and small vessel
remodeling contribute to diminished pulmonary capillary
permeability and compromised regulation of tissue perfusion.
During the perioperative period, these patients demonstrate
heightened sensitivity to volume load and hemodynamic
uctuations. The concomitant challenges of one-lung ventilation

uid, and pain
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