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Construction of different machine learning models based on T;WI-enhanced images for
differentiating between glioblastoma and primary central nervous system lymphoma
LIN Qian-sen', YU Hong’, PAN Mei—juan', CHEN Jie—yun', MENG Li’
(1. Department of Radiology, Quanzhou First Hospital Affiliated to Fujian Medical University, Quanzhou Fujian 362000, China;
2. Department of Radiology, Xiangya Hospital, Central South University, Changsha 410008, China)

Abstract: Objective: To construct models for predicting glioblastoma(GBM) and primary central nervous system lymphoma
(PCNSL) using six different machine learning classification algorithms based on T WI-enhanced images, and to compare the
diagnostic efficacy of different machine learning models. Methods: A retrospective analysis was conducted on the clinical and
imaging data of 57 patients with pathologically confirmed GBM and 49 patients with PCNSL at Xiangya Hospital of Central
South University. The ITK-SNAP software was used to manually outline the tumor region of interest (ROI) layer by layer on
preoperative T/Wl-enhanced images. ROl imaging omics features were extracted based on the Radcloud platform, and the vari-
ance threshold method (threshold>0.9), univariate feature selection method (P<0.01), and least absolute shrinkage and selection
operator (LASSO) were used for feature dimensionality reduction, and the screened features were used to construct an ima-
geomics prediction model using six classifiers including support vector machine, extreme gradient boosting, Logistic regression
(LR), linear discriminant analysis (LDA), random forest, and K-nearest neighbor. The 5—fold cross—validation method was used
for validation, and the diagnostic performance of six predictive models was evaluated using the area under the curve(AUC),
and the Delong test was used for AUC comparisons between models. Results: A total of 1 688 imaging omics features were
extracted, and the significant features (25, 10, 31, 17, and 14 features per group in 5-fold cross—validation, respectively) were
retained after feature dimensionality reduction and screening to construct the prediction models, and among the 6 models, the
LDA and LR models had the best diagnostic efficacy, and the average AUC of the LDA and LR models in the 5-fold cross—
validation set was 0.965 and 0.958, respectively, with accuracy of 87.8% and 89.6%, sensitivity of 86.0% and 86.0%, and
specificity of 89.4% and 93.0%. There was no statistically significant differences in AUC among the six models (P>0.05).

Conclusion: Machine learning models based on T,WI-enhanced image omics features can be used to predict GBM and PC-
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NSL with high accuracy, among which LDA and LR models have the best diagnostic efficacy.

Key words: Glioblastoma; Central Nervous System Neoplasms; Magnetic Resonance Imaging
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Figure 1. ROl in enhanced T\WI. Figure la, 1b: Female, 57 years old, GBM of the right insular lobe and basal ganglia region. Figure

la: T\WI enhancement shows heterogeneous enhancement of the lesion. Figure 1b: Post—ROI delineation. Figure lc, 1d: Male, 50 years old,
PCNSL of the left frontal lobe and basal ganglia region. Figure lc: T\WI enhancement shows multiple nodular masses. Figure 1d: Post—ROI

delineation.
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Figure 2. Path(Figure 2a) and coefficient(Figure 2b) of LASSO dimensionality reduction features.
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Figure 3. ROC curves in 5—fold cross—validation of six different machine learning prediction models. Figure 3a: SVM model; Figure 3b:

XGBoost model; Figure 3c: LR model; Figure 3d: LDA model; Figure 3e: RF model: Figure 3f: KNN model.
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