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[ Abstract ] Lung cancer is the most common and fatal tumor in the world with limited diagnostic and treatment
methods. The development of precision medicine has brought new opportunities for the improvement of diagnosis and treat-
ment of lung cancer. However, various kinds of information required by precision medicine (such as biometrics, clinical test
indicators and non-biological environmental background information) are difficult for clinicians to integrate and utilize effec-
tively. With the development of computer technology, artificial neural networks (ANNSs), which has the characteristic of high
fault tolerance, intelligence and self-learning ability. Its powerful information integration ability can solve many problems in the

development and application of precision medicine, which can play a key role in basic research and clinical practice associated

with lung cancer. This article reviewed the application of artificial neural network in the field of lung cancer.
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