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ABSTRACT

Objective To study the feasibility of combining multiple deep learning models for predicting the
degree of lung adenocarcinoma infiltration and evaluate their predictive performance. Methods We
retrospectively studied 316 cases of pulmonary nodules that were pathologically confirmed to be
lung adenocarcinoma, which consisted of 94 cases of precursor glandular lesions (including atypical
adenomatous hyperplasia and adenocarcinoma in situ), 123 cases of minimally adenocarcinoma
and 99 cases of invasive adenocarcinoma. A dataset was established, where 80% (253 cases) were
used for training the deep learning models (including AlexNet, VGG19, GoogleNet, and ResNet), and
the remaining 20% (63 cases) were reserved for model validation. Deep learning models were used
to extract features from the datasets, followed by principal component analysis (PCA) for feature
dimensionality reduction. Support vector machine (SVM) was then used to classify the features. The
diagnostic performance of individual and combined deep learning models in differentiating lung
adenocarcinoma with different degrees of infiltration was evaluated. Results The deep learning models
achieved good diagnostic performance in predicting the infiltration degree of lung adenocarcinoma.
The overall accuracy rates of AlexNet, VGG19, GoogleNet, ResNet and Combine models reached
73.68%, 89.47%, 77.19%, 89.47% and 92.98%, respectively. The diagnostic accuracy of the Combine
model for lung adenocarcinoma with different degrees of infiltration is consistently higher than 94%.
Conclusion The combined deep learning model exhibits excellent diagnostic performance in assessing
the invasion degree of lung adenocarcinoma, providing clinicians with more reliable preoperative
diagnostic evidence.

Keywords: lung Adenocarcinoma; Pulmonary Nodules; Artificial Intelligence; Deep Learning; Neural
Network
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BEMMIERE=ENZHNBRE. RREFELR3, K
AlexNetsh, HEPCABRAEZEENTFEIM D ENIHEBER
ERRER.

B NREZE ISR &SR CombinefR BT
PCARRM S RMERRLBPRA, K5 792.98%, XRRAHTIK
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& 3A-&3B Combinets A [ 4 71 J5 B 2~ 2 o 52 B 32 4B B SRVE JE 1.

- 61



HEICTRIMRIZRE 2025438 $£23% $£385 2518587

$]R2 PCARELE B R M BRI tR ]R3 PCARE ERE M ISR

Model Classes Se. (%) Sp. (%) Overall Acc. (%) Model Classes Se. (%) Sp. (%) Overall Acc. (%)

AlexNet AAHorAIS  63.16 94.74 78.95 AlexNet AAH or AIS 68.42 86.84 73.68
IAC 89.47 97.37 IAC 89.47 92.11
MIA 84.21 76.32 MIA 63.16 81.58

VGG19 AAH or AIS  84.21 92.11 87.72 VGG19 AAH or AIS 84.21 94,74 89.47
IAC 100.0 94.74 IAC 100.0 94.74
MIA 78.95 94.74 MIA 84.21 94.74

GoogleNet AAHorAIS  52.63 81.58 66.67 GoogleNet AAH or AIS 78.95 81.58 77.19
IAC 94.74 78.95 IAC 94,74 92.11
MIA 52.63 89.47 MIA 57.89 92.11

ResNet AAHorAIS 84.21 92.11 85.96 ResNet AAH or AIS 84.21 94.74 89.47
IAC 89.47 97.37 IAC 94.74 97.37
MIA 84.21 89.47 MIA 89.47 92.11

Combine AAHorAIS 84.21 97.37 91.23 Combine  AAH or AIS 89.47 97.37 92.98
IAC 94,74 94,74 IAC 94,74 97.37
MIA 94.74 94.74 MIA 94.74 94.74
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