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A Comparative Study on the Survival Prognosis Model of Immune-related

Genes in Patients with Lung Adenocarcinoma based on Deep Learning
Ren Yue, Qin Yang, Lan Ning, et al ( Department of Health Statistics , Public Health of School, Shanxi Medical University,
Taiyuan 030001 )

[ Abstract] Objective To explore the prognostic value of different deep learning models constructed using multi-omics
data and immune-related genes in patients with lung adenocarcinoma and compare their predictive performance.
Methods DeepOmix, Nnet-survival, Cox-nnet and Deepsurv prognosis prediction models were constructed from the TCGA
database lung adenocarcinoma multi-omics data after extracting immune genes using original data and the data after
dimensionality reduction by single-factor Cox regression, variance and elastic net( EN) method, respectively. C-index and time-
dependent ROC were used to evaluate the predictive effect of the models. Results The results of comparing the C-index, 3-year
AUC and 5-year AUC values of the multi-omics models showed that the DeepOmix model combined with biological signaling
pathway information using different dimensionality reduction methods to construct prognosis prediction models for lung
adenocarcinoma had the best prediction performance compared with the DeepOmix, Nnet-survival, Cox-nnet and Deepsurv
models( C-index was above 0.83, 3-year AUC was above 0.89 and 5-year AUC was above 0.94).In screening variables to
construct prognosis prediction models, EN had good predictive accuracy in the majority of cases. The DeepOmix model
significantly distinguished between patients in the high-risk and low-risk groups, and the prognosis was worse in the high-risk
group( P<0.001). Conclusion The DeepOmix model combined with biological signaling pathway and EN dimension reduction
can analyze high-dimensional low sample size data, and construct a prognosis prediction model for lung adenocarcinoma with
high predictive performance compared with other models.
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