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Comparison of the value of CT radiomics combined with multiple machine
learning models in differentiating large opacities in pneumoconiosis

from peripheral lung cancer”
WANG Wei' , XIE Wutao'™ ,ZHANG Hong® ,BI Chaohu',HUANG Jiao',
ZHOU Huiling' . TANG Bigiong',LI Qian’®
(1. Department of Radiology ;2. Department of Cardiology ;3. Department of Occupational Diseases ,
First Affiliated Hospital of Chongqging Medical and Pharmaceutical College/Chongging
Occupational Disease Hospital /Chongqing Sixth People’s Hospital ,Chongging 400060,China)
[Abstract | Objective To construct a differential diagnosis model based on CT radiomics features for
distinguishing large opacities in pneumoconiosis from peripheral lung cancer. Methods Conventional CT data
from 103 patients with large opacities in pneumoconiosis and 85 patients with peripheral lung cancer,admitted
to this hospital from March 2021 to June 2025, were collected. All diagnoses were confirmed by a pneumoconi-
osis expert panel,clinical evaluation, and pathological results. Patients were randomly divided into a training
set (n=132) and a test set (7 =56). Lesions were manually delineated by two radiologists (qualified in pneu-
moconiosis diagnosis) using ITK software. Radiomics features,including neighborhoad gray stone difference
matrix (NGTDM), first-order statistics, shape (2D and 3D) and texture [ gray-level co-occurrence matrix
(GLCM) ,gray-level run-length matrix (GLRLM), gray-level size zone matrix (GLLSZM) , gray-level depend-
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ence matrix (GLDM) ] were extracted from the CT images of pulmonary lesions in the training set. Feature
dimensionality reduction was performed to construct morphological imaging biomarkers. Differential diagnosis
models were built using the logistic regression (LR),support vector machine (SVM),and adaptive boosting
(AdaBoost) machine learning algorithms implemented in Python software. The performance of these models
A total of

110 regions of interest (ROIs) for large pneumoconiosis opacities and 85 ROIs for peripheral lung cancer were

was evaluated on the test set using receiver operating characteristic (ROC) curve analysis. Results

segmented. A total of 108 radiomics features were extracted. After dimensionality reduction,an optimal subset
of 8 key radiomics features was obtained,and the differential diagnosis models were successfully constructed.
In the training set, the accuracy, sensitivity, specificity, and area under the ROC curve (AUC) of the LR,
SVM, and AdaBoost models were 79. 4% ,84. 0% ,80. 9% ;74. 1% ,74. 1% ,81. 0%;83. 6%,91. 8%,80. 87 ;
and 0. 837,0. 886,0. 900, respectively. In the test set,the corresponding values were 80. 7% ,82. 5% ,86. 0%
(accuracy);89. 3%, 89. 3%,82. 1% (sensitivity);72. 4%.,75. 9% ,89. 7% (specificity) ; and 0. 825, 0. 855,
0.869 (AUC). The AdaBoost model achieved a higher AUC than both the LR and SVM models. AdaBoost

demonstrated the best predictive performance in both the training and test set. Conclusion

The AdaBoost

model based on CT radiomics features can be used to differentiate large opacities in pneumoconiosis from pe-

ripheral lung cancer.
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