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The Prediction of MGMT Promoter Methylation Combined with IDH
Mutation in Glioma Using a Composite Kernel Partial Least Squares Model
based on Multimodal MRI Data

Yang Qi, Yan Junyu, Liu Xia, et al (Division of Health Statistics, Shanxi Provincial Key Laboratory of Major Diseases Risk
Assessment, Shanxi Medical University, Taiyuan 030001 )

[Abstract] Objective To explore the construction of a predictive model for the identification of MGMT promoter
methylation combined with IDH mutation in glioma based on preoperative MRI imaging features, providing theoretical
reference for prognosis assessment and treatment strategy of glioma patients. Methods Preoperative MRI images, clinical
data, and genetic data of 208 glioma patients were collected from the TCGA/TCIA public databases. Based on IDH mutation
and MGMT promoter methylation status, patients were classified into the IDHmut&MGMTmet subtype and the Other subtype.
Differences in various factors between the two subtypes were compared, and the relationship between molecular subtypes and
survival outcomes was analyzed. Radiomic features of CE-T1 and T2-FLAIR sequences were extracted and quantified from the
preoperative MRI images. After feature standardization, penalized logistic regression was used for feature selection. Predictive
models for glioma subtypes were built using fused kernel partial least squares with the genetic algorithm (GA-fKPLS), K-
nearest neighbor (KNN) , least absolute shrinkage and selection operator (LASSO) , logistic regression (LR) , and Naive
Bayes (NB). Model performance was evaluated based on AUC, sensitivity, specificity, accuracy, Youden’s index, G-mean,
Matthews correlation coefficient, and F-measure. Results  Significant differences in age, tumor pathological grade, survival
status, MGMT promoter methylation, and IDH mutation status were found between the two molecular glioma subtypes. The
death risk of the Other subtype was 2. 675 times higher than glioma patients of the IDHmut&MGMTmet subtype. 42 features
from CE-T1 sequence and 68 features from T2-FLAIR sequence were selected for model construction. The GA-fKPLS model
outperforms the other four models across multiple evaluation metrics. Conclusion The GA-fKPLS model based on
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preoperative MRI features exhibits the best performance in predicting the molecular subtypes of glioma patients, and could
provide significant clinical auxiliary value for treatment decision-making, and prognosis assessment in glioma patients.

[Key words ]
fKPLS model
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