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• Using a combination of clinical features and radiomic 
features (RF) have been shown to improve 
performance of prediction outcome models1,2

• The RF utilised in these models needs to be 
reproducible to interobserver contour variation (ICV)

• Current studies that have assessed this impact for 
cervix MRI RF have only used 2-3 observers3,4,5,6

Aim: to assess the reproducibility of RF from cervical 
cancer MRIs to ICV with up to 6 observers considering the 
trade-off between number of datasets and number of 
observers.

Purpose
• Bladder has the least ICV, followed by the uterus and 

rectum, and lastly the GTV. (ICV shown in figure 1)
• Figure 2 shows the reproducibility of the 107 RF across 

all observer datasets and volumes.
• Only 23 and 55 RF had excellent or at least good 

reproducibility, respectively, across all volumes and 
observer datasets.

• The number of RFs with good or excellent 
reproducibility for the GTV decreased between the 3 
and 5/6 observer datasets from 98 to 68

• Volumes with less ICV had more RFs with excellent 
reproducibility. For the bladder, 104/107 of RF had 
good or excellent reproducibility across all observer 
datasets. The uterus and rectum had 96 and 85 
features, respectively.

Results

• Data: 24 pretreatment cervical cancer T2W-MRIs
• Contours: 6 observers (5 radiation oncologist and 1 

radiologist) delineated the bladder, gross tumour 
volume (GTV), rectum and uterus.

• Observer datasets: 9 MRIs were delineated by 6 
observers, 18 by 4 observers and 24 by 3 observers, 
resulting in 3-, 4-, 5- and 6-observer datasets with 
varying number of images. The 6th observer delineated 
only the GTV and uterus.

• ICV: assessed with Dice Similarity Coefficient and 
Mean Absolute Surface Distance

• Radiomics: extracted from all observer volumes using 
PyRadiomics7, an open-source python library.

• Reproducibility: assessed by calculating intraclass 
correlation coefficient  estimates (ICC(2,1)) for each of 
the radiomics and each of the observer datasets with 
Pinguoin8, open-source python library. 

• RFs were categorised as excellent ICC≥0.90, good 
0.75≥ICC>0.90, moderate 0.50≥ICC>0.75 and poor 
ICC<0.5.

Methodology

• For RF extracted from cervical cancer GTVs, the 
number of observers in the datasets impacted the 
number of RF with good or excellent reproducibility.

• As more observer contours are included in the 
analysis, an improved representation of the potential 
and reasonable contours is achieved. This also results 
in greater variation in contours, specifically for the GTV, 
therefore resulting in a less consistent overlap which 
affects the RF extracted from these varying contours.

• RFs utilised in modelling should be reproducible to ICV, 
therefore, avoiding the 52 RF which showed poor or 
moderate reproducibility overall to ICV is 
recommended

Conclusion

Figure 1: Interobserver contour variations of each of the 
volumes and different observer datasets. A) DSC of the 
volumes. B) MASD of the volumes 

Figure 2. Reproducibility of the RFs from all volumes and 
observer datasets, represented by ICC values varying from 0 
to 1
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