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Introduction 

The most common primary brain malignancy are gliomas. They are graded according to the World 

Health Organization (WHO) criteria into grades 1/2 (low-grade gliomas (LGG)) and grades 3/4 (high-

grade gliomas (HGG)). The prognosis and treatment plan vary between HGGs and LGGs and so 

preoperative glioma grading is needed. The current standard of care for grading is histopathology, 

which requires a lengthy and invasive biopsy procedure that carries associated surgical risks. 

Preoperative MR imaging coupled with machine learning (ML) and radiomics can provide a glioma 

grading solution that is non-invasive. 

Hypothesis 

Development of a non-invasive, clinically integrated, preoperative glioma grade prediction tool can 

assist clinicians in their daily practice is feasible. 

Methods 

We natively embedded a deep learning network (U-Net) that can automatically segment whole, core 

and necrotic portions of gliomas into our PACS (Visage7, Visage Imaging, Inc., San Diego, CA). The 

U-Net was pretrained on multimodal BraTS data (n = 1251) and subsequently retrained on iur local 

data (n = 250??). Segmentations were made available on FLAIR, T1, T1ce, T2, ADC and SWI MRI 

sequences. Furthermore, we natively embedded PyRadiomics into our PACS, from which 1926 

quantitative radiomics features were automatically extracted per segmentation. Subjects with more than 

80% missing values across sequences and ROIs were excluded from our analysis. XGBoost was used 

to classify HGG versus LGG. Our model was internally validated using thirty repetitions of five-fold 



 

 

cross-validation. For each patient, mean prediction across 30 repetitions were calculated and AUC-

ROC and CI was reported. 

Results 

342 high- and low-grade gliomas were included in the HGG/LGG classification. A total of 1926 radiomic 

features derived from 3 ROIs and 6 sequences were identified and incorporated into the XGBoost 

algorithm.  

We performed 13 total experiments using combinations of different sequences and ROIs. We achieved 

the best mean AUC using FLAIR and PG sequences and Core, Whole and Necrotic ROIs. Mean AUC 

was 0.86 (CI: 0.81-0.90; n=314). Similar mean AUC were achieved for FLAIR, PG, SWI/GRE and ADC 

sequences. Additional experiments with PG alone, T2 alone, ADC alone and FLAIR alone also showed 

comparable mean AUC results. 

Conclusion 

A fully PACS integrated machine learning pipeline for auto-segmentation of gliomas and radiomic 

feature extraction that drives XGBoost classification of HGG versus LGG is feasible and can accelerate 

the translational process of concept to clinical practice. 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

Figures 

 

Figure 1. A) Number of subjects for each available sequence. HGG and LGG ratios are presented in pink and green 

colors (HGG=High-grade glioma; LGG= Low-grade glioma). B) AUC-ROC and Confidence Interval for different 

sequence and ROI combinations (ROI = Region of Interest). C) Example segmentation of whole tumor ROI on FLAIR 

sequence. D) Example segmentation of core and necrotic tumor ROIs on PGSE sequence.  
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