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Introduction 

Brain tumor segmentation serves as an integral task for the diagnosis and assessment of cerebral 

lesions. Recently emerging Machine Learning applications in image segmentation and interpretation 

have shown potential to improve diagnosis in glioblastoma (GBM). However, manual delineation of 

regions of interest is limited by its time-intensive nature, necessitating a more efficient alternative. 

Recent studies have proposed deep learning techniques as an effective tool for automated 

segmentation tasks but there are significant challenges in integrating ML algorithms into clinical 

workflow. Therefore, we implemented a deep learning-based algorithm for automated brain tumor 

segmentation and embedded it into PACS to facilitate tumor segmentation and acceleration of a 

supervised end-to-end workflow for radiomic feature extraction.  

Hypothesis 

We hypothesize that implementing an auto-segmentation tool and radiomic feature extraction tool into 

PACS decreases the time needed for glioma segmentation and readily incorporates into the rapid pace 

clinical workflow.  

Methods 

Our algorithm was trained on the BRaTS 2021 dataset, which constitutes high grade gliomas and lower 

grade gliomas, to segment primary brain tumors on MRI FLAIR image. The model was validated on 

pre-therapy MRI scans from patients from Yale New Haven Health (YNHH). We employed and 

embedded a UNETR deep-learning network architecture into Visage 7 (Visage Imaging, Inc., San 

Diego, CA) diagnostic workstation. PyRadiomics (Harvard Medical School, Boston MA) was natively 



 

 

embedded into Visage 7 for feature extraction from segmentations in form of JSON files. Titan Xp, 

NVIDIA, Santa Clara, CA hardware was deployed for the described workflow.  

Results 

On average, the AI brain tumor segmentation on our system took 4 seconds with a median dice 

similarity coefficient of 86% and the extraction of radiomic features took 5.8±0.01 seconds. Feature 

extraction demonstrated zero error between extraction in PACS or outside of PACS. These tools enable 

the execution of segmentation and feature extraction tasks before initial opening and review of the 

study.  

Conclusion 

Automatically generated segmentations of gliomas in PACS are fast and can be performed before 

opening a study or during reading of the study. The incorporated DL segmentation algorithm 

demonstrates high dice scores compared to neuroradiologist verified segmentations. Integration of 

image-processing algorithms and extraction of radiomic features within the PACS interface is feasible 

and reduces the time needed to generate annotated medical images for further classification or 

clustering tasks. Future work will address quantifying the reduction of work burden in representative 

clinical practice settings and clinical trials of segmentation algorithms.  
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Figure 1. Schematic depiction of auto-segmentation and feature extraction tools incorporated into clinical PACS on 

Visage Imaging Platform. The viewer content is passed to the Python API from the workstation and image data is then 

retrieved from the PACS system. Following preprocessing, a request is sent to the interference platform and a 

segmentation returns as a result. The segmentation is added to the study via Python API and the outcome is displayed 

in the workstation. After the segmentation is reviewed, the physician has the ability to run radiomic feature extraction 

on the curated dataset. 
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