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Abstract

Lung cancer remains the leading cause of cancer related death worldwide, and is largely related to
the fact that many of these patients already have advanced diseases at the time of initial diagnosis.
Since most lung cancers are initially presented as pulmonary nodules, early benign and malignant
differentiation of pulmonary nodules is very important to reduce the incidence and mortality of
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lung cancer. Recently, radiomics has made significant advances in the evaluation of pulmonary
nodules. Radiomics is a new method to automatically extract quantitative imaging features and
develop predictive models to provide auxiliary guidance for pulmonary nodules and lung cancer.
This study summarizes the basic process and challenges of radiomics in clinical practice, and fo-
cuses on the application of radiomics in clinical evaluation of pulmonary nodules, including diag-
nosis, pathological and molecular classification, treatment response evaluation and prognosis
prediction, in order to provide reference for clinical guidance.
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GyEl, BN e ARE” , (HIHZ TR A ] AR I SRR [9]. — N ERARI A BT VAN L A
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SIVRFAE B TO0I 12 B 22 [14] 0 DRI, 35 SCRPAEFIAS o] F1ARFAE LR U 4 5 R 3R AN v BRI, 1 e /5 B v —
E IRFHE SR IUbR#E . Zwanenburg %5 ANHERE T T 4% 1 (1 BUR A DAn SRR A B L, FREE 0 T 7™ 4%
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