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ABSTRACT

Objective To develop a Ct-based deep learning combined model for predicting airway spread of lung
adenocarcinoma. Methods From January 2019 to December 2023, 593 patients diagnosed with
lung adenocarcinoma by CT scan and surgery in 3 hospitals were included and divided into training
group, internal verification group and external verification group. Based on RESNET-101-based
model, a deep learning label (DL-score) was constructed from CT images of lung adenocarcinoma
patients. Seven machine learning algorithms including logistic regression(LR), extreme gradient
enhancement(Xgboost), support vector machines(SVM), random forest(RF), decision trees(DT),
K-nearest neighbors(KNN), and artificial neural networks(ANN) were used to construct a combine
model to predict lung adenocarcinoma STAS. Results Compared with 7 different machine learning
models in the training cohort, ANN model showed the best predictive efficiency. The area under
receiver operating characteristic (ROC) curves (AUC) in the training and internal validation groups
were 0.906 (95% Cl: 0.873~0.936) and 0.903 (95% Cl,0.855~0.944), respectively. In the external
validation group, the AUC was 0.841 (95% Cl: 0.757~0.923), showing a satisfactory generalization
effect. Conclusion The Ct-based deep learning combine model (ANN) can accurately evaluate the
airway spread of lung adenocarcinoma patients, and can be an effective auxiliary tool to guide the
preoperative diagnosis and treatment.

Keywords: Lung Adenocarcinoma; Spread Through Air Spaces; Artificial Neural Network; Deep Learning;
Machine Learning
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OR  95%ClI P OR 95%Cl P{&

¢ (years) 1.02 1.01~1.04 0.013 1.00 0.98~1.03 0.845
MEER(mm) 104 1.01~1.06 0.004 0.99 0.96~1.03 0.709

SHAE(E) 21.48 12.18~37.90 <0.001 13.41 6.64~27.08 <0.001
ERIE(E) 7.44 449~12.34 <0.001 1.98 0.95~4.16  0.070
BREMFEIE(E) 277 1.74~441  <0.001 1.19 0.62~2.29  0.604
TERREME(E) 147 0.96~2.26 0.080 ~ ~ ~

=AME(R) 0.27 0.16~0.45 <0.001 0.29 0.15~0.55 <0.001

HIETE(H) 10.79 1.39~83.76 0.023 15.03 1.61~139.94 0.017

ki) AUC (95% Cl) BHRE RBE BRE
IR I RAE R 0.859(0.821~0.893) 0.818 0.863 0.779

AEFIRE 0.861(0.822~0.897) 0.792  0.851  0.742
ANN#ZZY 0.906 (0.873~0.936) 0.849 0.839 0.858
AEBIIEA IRARIRE 0.837(0.779~0.887) 0.781 0.768  0.793
REFIREE 0.735(0.652~0.815) 0.662 0.681  0.646
ANN#ZZY 0.903 (0.855~0.944) 0.821 0.739  0.89
SMNERIRIIEAR ImPRIREY 0.800(0.713~0.878) 0.769  0.854 0.7
REFSER 0.753(0.652~0.861) 0.692 0.878  0.54
ANN#ZZY 0.841(0.757~0.923) 0.791 0.854 0.74

7: OR, odds ratio; Cl, confidence interval
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