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Prognostic prediction model for patients with low — grade gliomas

based on multi —omics data
LIU Yi —rong” , REN Yue, QIN Yang, WU Shu — qi, ZHAO Jin - fang, LUO Tian —e
" Department of Health Statistics, School of Public Health, Shanxi Medical University, Taiyuan, Shanxi 030001, China

Abstract : Objective To explore the application of integrated clustering methods in identifying low — grade glioma subtypes and
prognostic prediction. Methods A comprehensive clustering algorithm (MOVICS), which pools ten clustering algorithms,
was used to integrate the multi — omics data of LGG patients downloaded from TCGA to obtain cluster subtypes; prognostic
factors of LGG were analyzed by multifactorial Cox regression. A random forest classification prediction model was constructed
using mRNA data to evaluate the classification performance and externally validated with the CGGA dataset. Results LGG
patients were clustered into two subtypes, and the difference in survival between the two groups was statistically significant ()
=54.410, P <0.001). The results of multifactorial Cox regression analysis showed that age( HR =1.053,95% CI. 1. 037 -
1.069), cancer grade( HR =2.733,95% CI; 1.836 —4.069 ) and cluster typing( HR =3.210,95% CI. 2.216 - 4. 650 ) were
all prognostic factors for LGG, and the results of Nomogram plots, calibration curves and ROC curves indicated good predictive
performance of the model. The average prediction accuracy of the ten — fold cross — validated RF model was 87. 81% , and the
C - indexes of the training set, the internal validation set, and the two external validation sets were 0. 717, 0. 721, 0. 574, and
0.572, and the Brier scores were 0.044, 0.066, 0.179, and 0. 128, and the differences in the survival of the two external
validation datasets were all statistically significance (P <0.05). Conclusion The comprehensive clustering method can
effectively identify LGG subtypes, which are prognostic factors for LGG patients, and has been validated in an external dataset,
CGGA, which can provide an important theoretical basis for clinical personalized treatment of LGG.
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Table 1 Key features of the dataset situation

Bdi 4 EiEE Sl FEAC FEfIE AL
TCGA - LGG mRNA 502 691
miRNA 502 1524
DNA F 4L 502 671
CGGAL mRNA 172 691
CGGA2 mRNA 420 691
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Table 2 Basic information on TCGA — LGG patient typing
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Table 3 Results of multifactorial Cox regression analysis in TCGA - LGG patients

A b(S. E) Waldy (& P A HR(95% CI)
AEH 0. 051 (0. 008) 46.221 <0.001 1.053(1.037 ~1.069)
TEAE T 1.005(0.203) 24.522 <0.001 2.733(1.836 ~4.069)
RIE) 1.166(0. 189) 38. 065 <0. 001 3.210(2. 216 ~4. 650)
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Fig.6 Survival curves of LGG patients for TCGA training set, internal validation set and CGGA external validation set
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