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Radiomics features 

The following approaches were used to determine radiomics: shape analysis, histogram of intensities 

analysis, texture analysis (the Gray Level Co-occurrence Matrix, the Neighborhood Gray Tone Difference 

Matrix, the Gray Level Size Zone Matrix and the Gray Level Run Length Matrix) and wavelet transform 

analysis. 

 

Contours mapping 

 

Both radiomics implementations are fully DICOM compatible. The contours used in the analysis were saved 

in the DICOM format. In the USZ implementation, the contour points were translated to the voxel 

coordinates of the analyzed image. Next, those voxels were used to find a contour polygon and points 

inside this polygon using the pointPolygonTest function from Python cv2 library (version 2.4.6). In the 

MAASTRO implementation an algorithm, which is equivalent to the standard mask construction algorithm 

available in Computational Environment for Radiotherapy Research (CERR), was used [1]. The contour 

points were used directly to construct contour polygon. Next, the image-specific coordinates of voxels inside 

this polygon were found. 

The difference in mask construction resulted in generally larger masks in USZ implementation in 

comparison to MAASTRO implementation (see Figure 2S). 

 

Discretization of image intensities 

Both radiomics implementations used in this study the fixed bin size discretization of image intensities, with 

the bin size of 0.5 SUV. The lower range of bin 1 was defined as the minimum value in the analyzed region 

of interest. However, two different discretization schemes were used in the transformed images (see the 

Wavelet transform section). 

 

  



Shape 

 

In the USZ implementation: to calculate shape features contours were transformed onto 1 mm isotropic 

grid; the volume and surface estimation was done using marching cubes algorithm implemented in the VTK 

library [2]. In the MAASTRO implementation: shape features were calculated from the same resolution 

images as the texture features; surface area was calculated using the isosurface triangulation and volume 

was defined as the voxel’s volume times number of voxels in the region of interest. 

1) 𝑉 – volume 

2) 𝐴 – surface 

3) 𝑐𝑜𝑚𝑝𝑎𝑐𝑡𝑛𝑒𝑠𝑠 1 =  𝑉(𝜋2𝐴)32 

4) 𝑐𝑜𝑚𝑝𝑎𝑐𝑡𝑛𝑒𝑠𝑠 2 =  36𝜋 𝑉2𝐴3 

5) 𝑠𝑝ℎ𝑒𝑟𝑖𝑐𝑎𝑙 𝑑𝑖𝑠𝑝𝑟𝑜𝑝𝑜𝑟𝑡𝑖𝑜𝑛 =  𝐴4𝜋𝑅2 

where: 𝑅 is the radius of a sphere with the same volume as the tumor. 

6) 𝑠𝑝ℎ𝑒𝑟𝑖𝑐𝑖𝑡𝑦 =  (36𝜋𝑉2)13𝐴  

7) 𝑠𝑢𝑟𝑓𝑎𝑐𝑒 𝑡𝑜 𝑣𝑜𝑙𝑢𝑚𝑒 𝑟𝑎𝑡𝑖𝑜 =  𝐴𝑉 

8) 𝑚𝑎𝑥𝑖𝑚𝑢𝑚 3𝐷 𝑑𝑖𝑎𝑚𝑒𝑡𝑒𝑟 - the largest pairwise Euclidian distance between voxels of the region of 

interest 

 

Histogram of intensities 

 

The parameters from the histogram of intensities were calculated on PET images before a discretization. 

Let 𝑋 denotes the intensities of the 3D image with 𝑁 voxels. �̅� - mean of 𝑋, 𝑁𝑔 - number of gray levels in 

the image, 𝑝𝑖 - the occurrence probability of gray level 𝑖. 
 

9) 𝑚𝑒𝑎𝑛 =  1𝑁 ∑ 𝑋𝑖𝑁𝑖=1  

10) 𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝑑𝑒𝑣𝑎𝑡𝑖𝑜𝑛 =  √1𝑁 ∑ (𝑋𝑖 − �̅�)2𝑁𝑖=1  

11) 𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒 =  1𝑁 ∑ (𝑋𝑖 − �̅�)2𝑁𝑖=1  

12) 𝑠𝑘𝑒𝑤𝑛𝑒𝑠𝑠 =  1𝑁 ∑ (𝑋𝑖−�̅�)3𝑁𝑖=1(√ 1𝑁 ∑ (𝑋𝑖−�̅�)2𝑁𝑖=1 )3 

13) 𝑚𝑒𝑎𝑛 𝑎𝑏𝑠𝑜𝑙𝑢𝑡 𝑑𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛 =  1𝑁 ∑ |𝑋𝑖 − �̅�|𝑁𝑖=1  

14) 𝑟𝑜𝑏𝑢𝑠𝑡 𝑚𝑒𝑎𝑛 𝑎𝑏𝑠𝑜𝑙𝑢𝑡 𝑑𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛 =  1𝑁 ∑ |𝑋10−90,𝑖 − �̅�10−90|𝑁10−90𝑖=1  



where: 𝑁10−90- number of voxel in the range from and 10th percentile and 90th percentile, �̅�10−90 - mean value of 

voxel in the range from 10th percentile and 90th percentile  

15) 𝑒𝑛𝑒𝑟𝑔𝑦 =  ∑ 𝑋𝑖2𝑁𝑖=1  

16) 𝑒𝑛𝑡𝑟𝑜𝑝𝑦 =  − ∑ 𝑝𝑖𝑁𝑔𝑖=1 log2 𝑝𝑖  
17) 𝑟𝑜𝑜𝑡 𝑚𝑒𝑎𝑛 𝑠𝑞𝑢𝑎𝑟𝑒 =  √𝑒𝑛𝑒𝑟𝑔𝑦𝑁  

18) 𝑢𝑛𝑖𝑓𝑜𝑟𝑚𝑖𝑡𝑦 =  ∑ 𝑝𝑖𝑁𝑔𝑖=1  

19) 𝑚𝑖𝑛𝑖𝑚𝑢𝑚 𝑣𝑎𝑙𝑢𝑒 = min(𝑋)  

20) 𝑚𝑎𝑥𝑖𝑚𝑢𝑚 𝑣𝑎𝑙𝑢𝑒 = max(𝑋) 

21) 𝑚𝑒𝑑𝑖𝑎𝑛 –  the median value of 𝑋 

22) 10𝑡ℎ𝑝𝑒𝑟𝑐𝑒𝑛𝑡𝑖𝑙𝑒 – 10th percentile of 𝑋 

23) 90𝑡ℎ𝑝𝑒𝑟𝑐𝑒𝑛𝑡𝑖𝑙𝑒 – 90th percentile of 𝑋 

24) interqurtile range = 90𝑡ℎ𝑝𝑒𝑟𝑐𝑒𝑛𝑡𝑖𝑙𝑒 − 10𝑡ℎ𝑝𝑒𝑟𝑐𝑒𝑛𝑡𝑖𝑙𝑒    
25) 𝑟𝑎𝑛𝑔𝑒 = max(𝑋) − min(𝑋)  

 

Texture 

 

The Gray Level Co-occurrence Matrix 

 

The parameters from the Gray Level Co-occurrence Matrix [3] were calculated in all 26 directions with a 

distance of one voxel. The final parameters were the average of all directions. If one of the voxels had a 

‘not a number’ value the pair was not taken into account in the calculations. Let 𝑃𝑖𝑗 denotes the (𝑖, 𝑗) entry 

in the Gray Level Co-occurrence Matrix, 𝑁𝑔 - number of gray tones in a studied structure, 𝑃𝑥𝑖 = ∑ 𝑃𝑖𝑗𝑁𝑔𝑗=1 , 𝑃𝑦𝑗 = ∑ 𝑃𝑖𝑗𝑁𝑔𝑖=1 , 𝑃𝑥+𝑦(𝑘) = ∑ ∑ 𝑃𝑖𝑗𝑁𝑔𝑖=1𝑁𝑔𝑗=1 , where 𝑘 = 𝑖 + 𝑗, 𝑃𝑥−𝑦(𝑘) = ∑ ∑ 𝑃𝑖𝑗𝑁𝑔𝑖=1𝑁𝑔𝑗=1 , where 𝑘 =  |𝑖 − 𝑗|. 
 

26) 𝑒𝑛𝑒𝑟𝑔𝑦 =  ∑ ∑ 𝑃𝑖𝑗2𝑁𝑔𝑗=1𝑁𝑔𝑖=1  

27) 𝑐𝑜𝑛𝑡𝑟𝑎𝑠𝑡 = ∑ ∑ (𝑖 − 𝑗)2𝑃𝑖𝑗𝑁𝑔𝑗=1𝑁𝑔𝑖=1  

28) 𝑐𝑜𝑟𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛 =  ∑ ∑ 𝑖𝑗𝑃𝑖𝑗−𝜇𝑥𝜇𝑦𝑁𝑔𝑗=1𝑁𝑔𝑖=1 𝜎𝑥𝜎𝑦  

where: 𝜇𝑥 =  ∑ ∑ 𝑖𝑃𝑖𝑗𝑁𝑔𝑗=1𝑁𝑔𝑖=1 , 𝜇𝑦 =  ∑ ∑ 𝑗𝑃𝑖𝑗𝑁𝑔𝑗=1𝑁𝑔𝑖=1 , 𝜎𝑥 =  ∑ ∑ 𝑃𝑖𝑗(𝑖 − 𝜇𝑥)2𝑁𝑔𝑗=1𝑁𝑔𝑖=1 , 𝜎𝑦 =  ∑ ∑ 𝑃𝑖𝑗(𝑗 − 𝜇𝑦)2𝑁𝑔𝑗=1𝑁𝑔𝑖=1  

29) 𝑠𝑢𝑚 𝑜𝑓 𝑠𝑞𝑢𝑎𝑟𝑒𝑠 = ∑ ∑ (𝑖 − 𝜇)2𝑃𝑖𝑗𝑁𝑔𝑗=1𝑁𝑔𝑖=1   

where 𝜇 – mean of 𝑃 

30) 𝑖𝑛𝑣𝑒𝑟𝑒𝑠𝑒 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 𝑚𝑜𝑚𝑒𝑛𝑡 (ℎ𝑜𝑚𝑜𝑔𝑒𝑛𝑒𝑖𝑡𝑦) = ∑ ∑ 𝑃𝑖𝑗1+(𝑖−𝑗)2𝑁𝑔𝑗=1𝑁𝑔𝑖=1  



31) 𝑖𝑛𝑣𝑒𝑟𝑒𝑠𝑒 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 𝑚𝑜𝑚𝑒𝑛𝑡 𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 = ∑ ∑ 𝑃𝑖𝑗1+(𝑖−𝑗)2𝑁𝑔2
𝑁𝑔𝑗=1𝑁𝑔𝑖=1  

32) 𝑖𝑛𝑣𝑒𝑟𝑒𝑠𝑒 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 = ∑ ∑ 𝑃𝑖𝑗1+|𝑖−𝑗|𝑁𝑔𝑗=1𝑁𝑔𝑖=1  

33) 𝑖𝑛𝑣𝑒𝑟𝑒𝑠𝑒 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 = ∑ ∑ 𝑃𝑖𝑗1+|𝑖−𝑗|𝑁𝑔
𝑁𝑔𝑗=1𝑁𝑔𝑖=1  

34) 𝑠𝑢𝑚 𝑜𝑓 𝑎𝑣𝑒𝑟𝑎𝑔𝑒 = ∑ 𝑖 ∙  𝑃𝑥+𝑦(𝑖)2𝑁𝑔𝑖=2  

35) 𝑠𝑢𝑚 𝑒𝑛𝑡𝑟𝑜𝑝𝑦 = − ∑ 𝑃𝑥+𝑦(𝑖)2𝑁𝑔𝑖=2 log2 𝑃𝑥+𝑦(𝑖) 

36) 𝑒𝑛𝑡𝑟𝑜𝑝𝑦 = − ∑ ∑ 𝑃𝑖𝑗 log2 𝑃𝑖𝑗𝑁𝑔𝑗=1𝑁𝑔𝑖=1  

37) 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 𝑒𝑛𝑡𝑟𝑜𝑝𝑦 = − ∑ 𝑃𝑥−𝑦(𝑖)𝑁𝑔−1𝑖=0 log2 𝑃𝑥−𝑦(𝑖) 

38) 𝑖𝑛𝑓𝑜𝑟𝑚𝑎𝑡𝑖𝑜𝑛 𝑚𝑒𝑎𝑠𝑢𝑟𝑒 𝑜𝑓 𝑐𝑜𝑟𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛 1 =  − ∑ ∑ 𝑃𝑖𝑗 log2 𝑃𝑖𝑗𝑁𝑔𝑗=1𝑁𝑔𝑖=1 −(− ∑ ∑ 𝑃𝑖𝑗 log2 𝑃𝑥𝑖𝑃𝑦𝑗𝑁𝑔𝑗=1𝑁𝑔𝑖=1 )𝑚𝑎𝑥{(− ∑ ∑ 𝑃𝑥𝑖 log2 𝑃𝑥𝑖𝑁𝑔𝑗=1𝑁𝑔𝑖=1 ),(− ∑ ∑ 𝑃𝑦𝑗 log2 𝑃𝑦𝑗𝑁𝑔𝑗=1𝑁𝑔𝑖=1 )} 
39) 𝑖𝑛𝑓𝑜𝑟𝑚𝑎𝑡𝑖𝑜𝑛 𝑚𝑒𝑎𝑠𝑢𝑟𝑒 𝑜𝑓 𝑐𝑜𝑟𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛 2 = √1 − exp [−2 − (− ∑ ∑ 𝑃𝑖𝑗 log2 𝑃𝑥𝑖𝑃𝑦𝑗𝑁𝑔𝑗=1𝑁𝑔𝑖=1 ) + ∑ ∑ 𝑃𝑖𝑗 log2 𝑃𝑖𝑗𝑁𝑔𝑗=1𝑁𝑔𝑖=1 ] 
40) 𝑚𝑎𝑥𝑖𝑚𝑎𝑙 𝑐𝑜𝑟𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛 𝑐𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡 =  √second largest eigenvalue of ∑ 𝑃𝑖𝑘𝑃𝑗𝑘𝑃𝑥𝑖𝑃𝑗𝑖𝑁𝑔𝑘=1   
41) 𝑗𝑜𝑖𝑛𝑡 𝑚𝑎𝑥𝑖𝑚𝑢𝑚 = max (𝑃𝑖𝑗) 

42) 𝑗𝑜𝑖𝑛𝑡 𝑎𝑣𝑒𝑟𝑎𝑔𝑒 =  ∑ ∑ 𝑖𝑃𝑖𝑗𝑁𝑔𝑗=1𝑁𝑔𝑖=1  

43) 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 𝑎𝑣𝑒𝑟𝑎𝑔𝑒 = ∑ 𝑖𝑃𝑥−𝑦(𝑖)𝑁𝑔−1𝑖=0  

44) 𝑑𝑖𝑠𝑠𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦 =  ∑ ∑ |𝑖 − 𝑗|𝑁𝑔𝑗=1𝑁𝑔𝑖=1 𝑃𝑖𝑗 

45) 𝑖𝑛𝑣𝑒𝑟𝑒𝑠𝑒 𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒 = 2 ∑ ∑ 𝑃𝑖𝑗(𝑖−𝑗)2𝑁𝑔𝑗=1𝑁𝑔𝑖=1  

46) 𝑎𝑢𝑡𝑜𝑐𝑜𝑟𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛 =  ∑ ∑ 𝑖𝑗𝑃𝑖𝑗𝑁𝑔𝑗=1𝑁𝑔𝑖=1  

47) 𝑐𝑙𝑢𝑠𝑡𝑒𝑟 𝑡𝑒𝑛𝑑𝑒𝑛𝑐𝑦 = ∑ ∑ (𝑖 + 𝑗 − 𝜇𝑥 − 𝜇𝑦)2𝑃𝑖𝑗𝑁𝑔𝑗=1𝑁𝑔𝑖=1  

48) 𝑐𝑙𝑢𝑠𝑡𝑒𝑟 𝑠ℎ𝑎𝑑𝑒 = ∑ ∑ (𝑖 + 𝑗 − 𝜇𝑥 − 𝜇𝑦)3𝑃𝑖𝑗𝑁𝑔𝑗=1𝑁𝑔𝑖=1  

49) 𝑐𝑙𝑢𝑠𝑡𝑒𝑟 𝑝𝑟𝑜𝑚𝑖𝑛𝑒𝑛𝑐𝑒 = ∑ ∑ (𝑖 + 𝑗 − 𝜇𝑥 − 𝜇𝑦)4𝑃𝑖𝑗𝑁𝑔𝑗=1𝑁𝑔𝑖=1  

 

The Neighborhood Gray Tone Difference Matrix 

 

The Neighborhood Gray Tone Difference Matrix [4] was calculated based on 26 adjacent voxels. The voxels 

with ‘not a number’ value were excluded from the average over the neighborhood region. Let 𝑠𝑖 denotes 

the ith entry in the Neighborhood Gray Tone Difference Matrix, 𝑁𝑖 - the number of voxels having gray tone 𝑖, 𝐺 - number of gray tones in a studied structure, 𝑛 - number of studied voxels. 

 



50) 𝑐𝑜𝑎𝑟𝑠𝑒𝑛𝑒𝑠𝑠 =  [𝜖 + ∑ 𝑁𝑖𝑛𝐺𝑖=1 𝑠𝑖]−1
 

where 𝜖 is a small number to prevent coarseness becoming infinite. 

51) 𝑐𝑜𝑛𝑡𝑟𝑎𝑠𝑡 =  [ 1𝑁𝑔(𝑁𝑔−1) ∑ ∑ 𝑁𝑖𝑛𝐺𝑗=1 𝑁𝑗𝑛𝐺𝑖=1 (𝑖 − 𝑗)2] [1𝑛 ∑ 𝑠𝑖𝐺𝑖=1 ] 
where 𝑁𝑔 is the total number of different gray levels present in the image. 

52) 𝑏𝑢𝑠𝑦𝑛𝑒𝑠𝑠 =  ∑ 𝑁𝑖𝑛𝐺𝑖=1 𝑠𝑖∑ ∑ 𝑖𝑁𝑖𝑛𝐺𝑗=1 −𝑗𝑁𝑗𝑛𝐺𝑖=1  

for 
𝑁𝑖𝑛 ≠ 0 and 

𝑁𝑗𝑛 ≠ 0 

53) 𝑐𝑜𝑚𝑝𝑙𝑒𝑥𝑖𝑡𝑦 =  ∑ ∑ |𝑖−𝑗|(𝑁𝑖𝑛 𝑠𝑖+𝑁𝑗𝑛 𝑠𝑗)𝑁𝑖+𝑁𝑗𝐺𝑗=1𝐺𝑖=1  

for 𝑁𝑖 ≠ 0 and 𝑁𝑗 ≠ 0 

 

 

The Gray Level Size Zone Matrix 

 

In the Gray Level Size Zone Matrix [5] calculation the voxels with ‘not a number’ value were excluded from 

the analysis. Let 𝑃𝑖𝑗 denotes the (𝑖, 𝑗) entry in the Gray Level Size Zone Matrix, 𝑖 - gray value, 𝑗 - size, 𝑛𝑟 - 

number of homogeneous areas inside a studied structure and 𝑝𝑖𝑗 =  𝑃𝑖𝑗 𝑛𝑟⁄ , 𝜇𝑖 =  ∑ ∑ 𝑖𝑃𝑖𝑗𝑁𝑗=1𝑀𝑖=1 , 𝜇𝑗 = ∑ ∑ 𝑖𝑃𝑖𝑗 .𝑁𝑗=1𝑀𝑖=1  

54) 𝑔𝑟𝑎𝑦 𝑙𝑒𝑣𝑒𝑙 𝑛𝑜𝑛 − 𝑢𝑛𝑖𝑓𝑜𝑟𝑚𝑖𝑡𝑦 =  1𝑛𝑟 ∑ (∑ 𝑃𝑖𝑗𝑁𝑗=1 )2𝑀𝑖=1  

55) 𝑠𝑖𝑧𝑒 𝑧𝑜𝑛𝑒 𝑛𝑜𝑛 − 𝑢𝑛𝑖𝑓𝑜𝑟𝑚𝑖𝑡𝑦 =  1𝑛𝑟 ∑ (∑ 𝑃𝑖𝑗𝑀𝑖=1 )2𝑁𝑗=1  

56) 𝑠𝑚𝑎𝑙𝑙 𝑧𝑜𝑛𝑒 𝑒𝑚𝑝ℎ𝑎𝑠𝑖𝑠 =  1𝑛𝑟 ∑ ∑ 𝑃𝑖𝑗𝑗2𝑁𝑗=1𝑀𝑖=1  

57) 𝑙𝑎𝑟𝑔𝑒 𝑧𝑜𝑛𝑒 𝑒𝑚𝑝ℎ𝑎𝑠𝑖𝑠 =  1𝑛𝑟 ∑ ∑ 𝑃𝑖𝑗𝑁𝑗=1 ∙ 𝑗2𝑀𝑖=1  

58) 𝑙𝑜𝑤 𝑔𝑟𝑎𝑦 𝑙𝑒𝑣𝑒𝑙 𝑧𝑜𝑛𝑒 𝑒𝑚𝑝ℎ𝑎𝑠𝑖𝑠 =  1𝑛𝑟 ∑ ∑ 𝑃𝑖𝑗𝑖2𝑁𝑗=1𝑀𝑖=1  

59) ℎ𝑖𝑔ℎ 𝑔𝑟𝑎𝑦 𝑙𝑒𝑣𝑒𝑙 𝑧𝑜𝑛𝑒 𝑒𝑚𝑝ℎ𝑎𝑠𝑖𝑠 =  1𝑛𝑟 ∑ ∑ 𝑃𝑖𝑗𝑁𝑗=1 ∙ 𝑖2𝑀𝑖=1  

60) 𝑠𝑚𝑎𝑙𝑙 𝑧𝑜𝑛𝑒 𝑙𝑜𝑤 𝑔𝑟𝑎𝑦 𝑙𝑒𝑣𝑒𝑙 𝑒𝑚𝑝ℎ𝑎𝑠𝑖𝑠 =  1𝑛𝑟 ∑ ∑ 𝑃𝑖𝑗𝑖2∙𝑗2𝑁𝑗=1𝑀𝑖=1  

61) 𝑠𝑚𝑎𝑙𝑙 𝑧𝑜𝑛𝑒 ℎ𝑖𝑔ℎ 𝑔𝑟𝑎𝑦 𝑙𝑒𝑣𝑒𝑙 𝑒𝑚𝑝ℎ𝑎𝑠𝑖𝑠 =  1𝑛𝑟 ∑ ∑ 𝑃𝑖𝑗 ∙𝑖2𝑗2𝑁𝑗=1𝑀𝑖=1  

62) 𝑙𝑎𝑟𝑔𝑒 𝑧𝑜𝑛𝑒 𝑙𝑜𝑤 𝑔𝑟𝑎𝑦 𝑙𝑒𝑣𝑒𝑙 𝑒𝑚𝑝ℎ𝑎𝑠𝑖𝑠 =  1𝑛𝑟 ∑ ∑ 𝑃𝑖𝑗 ∙𝑗2𝑖2𝑁𝑗=1𝑀𝑖=1  

63) 𝑙𝑎𝑟𝑔𝑒 𝑧𝑜𝑛𝑒 ℎ𝑖𝑔ℎ 𝑔𝑟𝑎𝑦 𝑙𝑒𝑣𝑒𝑙 𝑒𝑚𝑝ℎ𝑎𝑠𝑖𝑠 =  1𝑛𝑟 ∑ ∑ 𝑃𝑖𝑗𝑁𝑗=1 ∙ 𝑖2𝑀𝑖=1 ∙ 𝑗2 

64) 𝑠𝑖𝑧𝑒 𝑝𝑟𝑒𝑐𝑒𝑛𝑡𝑎𝑔𝑒 =  𝑛𝑟𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑣𝑜𝑥𝑒𝑙𝑠 𝑖𝑛 𝑡ℎ𝑒 𝑠𝑡𝑢𝑑𝑖𝑒𝑑 𝑠𝑡𝑟𝑢𝑐𝑡𝑢𝑟𝑒 

65) 𝑔𝑟𝑎𝑦 𝑙𝑒𝑣𝑒𝑙 𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒 =  1𝑛𝑟 ∑ ∑ (𝑖 − 𝜇𝑖)2𝑃𝑖𝑗𝑁𝑗=1𝑀𝑖=1  



66) 𝑠𝑖𝑧𝑒 𝑧𝑜𝑛𝑒 𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒 =  1𝑛𝑟 ∑ ∑ (𝑗 − 𝜇𝑗)2𝑃𝑖𝑗𝑁𝑗=1𝑀𝑖=1  

67) 𝑧𝑜𝑛𝑒 𝑒𝑛𝑡𝑟𝑜𝑝𝑦 =  1𝑛𝑟 ∑ ∑ 𝑃𝑖𝑗 log (𝑃𝑖𝑗)𝑁𝑗=1𝑀𝑖=1  

 

The Gray Level Run Length Matrix 

 

In the Gray Level Run Length Matrix [6] calculation the voxels with ‘not a number’ value were excluded from 

the analysis. Let 𝑃𝑖𝑗 denotes the (𝑖, 𝑗) entry in the Gray Level Run Length Matrix, 𝑖 - gray value, 𝑗 - size, 𝑛𝑟 

- number of homogeneous areas inside a studied structure and 𝑝𝑖𝑗 =  𝑃𝑖𝑗 𝑛𝑟⁄ , 𝜇𝑖 =  ∑ ∑ 𝑖𝑃𝑖𝑗𝑁𝑗=1𝑀𝑖=1 , 𝜇𝑗 = ∑ ∑ 𝑖𝑃𝑖𝑗 .𝑁𝑗=1𝑀𝑖=1  

 

68) 𝑔𝑟𝑎𝑦 𝑙𝑒𝑣𝑒𝑙 𝑛𝑜𝑛 − 𝑢𝑛𝑖𝑓𝑜𝑟𝑚𝑖𝑡𝑦 =  1𝑛𝑟 ∑ (∑ 𝑃𝑖𝑗𝑁𝑗=1 )2𝑀𝑖=1  

69) 𝑟𝑢𝑛 𝑙𝑒𝑛𝑔𝑡ℎ 𝑛𝑜𝑛 − 𝑢𝑛𝑖𝑓𝑜𝑟𝑚𝑖𝑡𝑦 =  1𝑛𝑟 ∑ (∑ 𝑃𝑖𝑗𝑀𝑖=1 )2𝑁𝑗=1  

70) 𝑠ℎ𝑜𝑟𝑡 𝑙𝑒𝑛𝑔𝑡ℎ 𝑒𝑚𝑝ℎ𝑎𝑠𝑖𝑠 =  1𝑛𝑟 ∑ ∑ 𝑃𝑖𝑗𝑗2𝑁𝑗=1𝑀𝑖=1  

71) 𝑙𝑜𝑛𝑔 𝑙𝑒𝑛𝑔𝑡ℎ 𝑒𝑚𝑝ℎ𝑎𝑠𝑖𝑠 =  1𝑛𝑟 ∑ ∑ 𝑃𝑖𝑗𝑁𝑗=1 ∙ 𝑗2𝑀𝑖=1  

72) 𝑙𝑜𝑤 𝑔𝑟𝑎𝑦 𝑙𝑒𝑣𝑒𝑙 𝑙𝑒𝑛𝑔𝑡ℎ 𝑒𝑚𝑝ℎ𝑎𝑠𝑖𝑠 =  1𝑛𝑟 ∑ ∑ 𝑃𝑖𝑗𝑖2𝑁𝑗=1𝑀𝑖=1  

73) ℎ𝑖𝑔ℎ 𝑔𝑟𝑎𝑦 𝑙𝑒𝑣𝑒𝑙 𝑙𝑒𝑛𝑔𝑡ℎ 𝑒𝑚𝑝ℎ𝑎𝑠𝑖𝑠 =  1𝑛𝑟 ∑ ∑ 𝑃𝑖𝑗𝑁𝑗=1 ∙ 𝑖2𝑀𝑖=1  

74) 𝑠ℎ𝑜𝑟𝑡 𝑙𝑒𝑛𝑔𝑡ℎ 𝑙𝑜𝑤 𝑔𝑟𝑎𝑦 𝑙𝑒𝑣𝑒𝑙 𝑒𝑚𝑝ℎ𝑎𝑠𝑖𝑠 =  1𝑛𝑟 ∑ ∑ 𝑃𝑖𝑗𝑖2∙𝑗2𝑁𝑗=1𝑀𝑖=1  

75) 𝑠ℎ𝑜𝑟𝑡 𝑙𝑒𝑛𝑔𝑡ℎ ℎ𝑖𝑔ℎ 𝑔𝑟𝑎𝑦 𝑙𝑒𝑣𝑒𝑙 𝑒𝑚𝑝ℎ𝑎𝑠𝑖𝑠 =  1𝑛𝑟 ∑ ∑ 𝑃𝑖𝑗 ∙𝑖2𝑗2𝑁𝑗=1𝑀𝑖=1  

76) 𝑙𝑜𝑛𝑔 𝑙𝑒𝑛𝑔𝑡ℎ 𝑙𝑜𝑤 𝑔𝑟𝑎𝑦 𝑙𝑒𝑣𝑒𝑙 𝑒𝑚𝑝ℎ𝑎𝑠𝑖𝑠 =  1𝑛𝑟 ∑ ∑ 𝑃𝑖𝑗 ∙𝑗2𝑖2𝑁𝑗=1𝑀𝑖=1  

77) 𝑙𝑜𝑛𝑔 𝑙𝑒𝑛𝑔𝑡ℎ ℎ𝑖𝑔ℎ 𝑔𝑟𝑎𝑦 𝑙𝑒𝑣𝑒𝑙 𝑒𝑚𝑝ℎ𝑎𝑠𝑖𝑠 =  1𝑛𝑟 ∑ ∑ 𝑃𝑖𝑗𝑁𝑗=1 ∙ 𝑖2𝑀𝑖=1 ∙ 𝑗2 

78) 𝑙𝑒𝑛𝑔𝑡ℎ 𝑝𝑟𝑒𝑐𝑒𝑛𝑡𝑎𝑔𝑒 =  𝑛𝑟𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑣𝑜𝑥𝑒𝑙𝑠 𝑖𝑛 𝑡ℎ𝑒 𝑠𝑡𝑢𝑑𝑖𝑒𝑑 𝑠𝑡𝑟𝑢𝑐𝑡𝑢𝑟𝑒 

79) 𝑔𝑟𝑎𝑦 𝑙𝑒𝑣𝑒𝑙 𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒 =  1𝑛𝑟 ∑ ∑ (𝑖 − 𝜇𝑖)2𝑃𝑖𝑗𝑁𝑗=1𝑀𝑖=1  

80) 𝑟𝑢𝑛 𝑙𝑒𝑛𝑔𝑡ℎ 𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒 =  1𝑛𝑟 ∑ ∑ (𝑗 − 𝜇𝑗)2𝑃𝑖𝑗𝑁𝑗=1𝑀𝑖=1  

81) 𝑟𝑢𝑛 𝑒𝑛𝑡𝑟𝑜𝑝𝑦 =  1𝑛𝑟 ∑ ∑ 𝑃𝑖𝑗 log (𝑃𝑖𝑗)𝑁𝑗=1𝑀𝑖=1  

 

Wavelet 

The coiflet wavelet of 1st order was used in the wavelet transform in both implementations [7].The decimated 

wavelet transform (with downsmaple factor of 2) was used by the USZ implementation, whereas the 

MAASTRO implemenatition used the undecimated one. It influenced resoltuion of analyzed images. In the 

MAASTRO implementation no contour adaptation was needed, because the wavelet decompositions are 



of the same resolution as the original image. In the USZ implementation contours had to be resampled to 

the lower resolution grid.  

The two implementations differed also in terms of wavelet maps discretization. In the USZ implementation, 

the sum of energy in the wavelet maps was normalized to the energy of the original image. Next, the same 

bin size of 0.5 was used. In the MAASTRO implementation, the bin size in each of the wavelet maps was 

adapted to match the number of bins analyzed in the original image. In both cases the minimum value in a 

single wavelet map corresponded to the lower range of bin number 1. 



Results 

 

 

Figure 1S. The reproducibly of radiomics features between the implementations. a) Histogram of 

reproducible radiomic features. The intensity and texture features showed a high level of agreement 

between the implementations. The irreproducibility of shape and wavelet features was caused by 

differences in mask extraction and wavelet maps normalization. b) Intraclass correlation coefficient for 

different features, H – high-pass filet, L – low-pass filter. The features where high-pass filter was applied 

more than once were the least reproducible. The difference between the implementation in wavelet maps 

normalization did not have a big influence on the low-pass filtered images.  



 

Figure 2S. The comparison of mask extraction algorithms used by the different radiomics implementation. 

Each point corresponds to one patient in the training cohort. The masks extracted with USZ implementation 

were generally larger (larger number of analyzed voxels (a)). It also resulted in a lower minimum SUV (c) 

observed in USZ implementation, whereas the maximum (d) and mean SUV (b) were less affected. A 1:1 

line was plotted for the comparison. 



 

Figure 3S. The comparison of the number of gray level used in the analysis by the two independent 

implementations (USZ and MAASTRO). Each point corresponds to one patient in the training cohort. 

Although, both implementations used the same bin size (0.5 SUV) its translation to the bin size in the 

wavelet transformed maps differed, resulting in different number of gray levels.  



 

Figure 4S. PET radiomics-based local tumor recurrence models: a) USZ implementation, b) MAASTRO 

implementation. The models are prognostic not only in the validation cohort but also in the subgroup of 

HPV negative patients (CIUSZ  = 0.78, CIMAASTRO = 0.82). The local control curves split significantly (G-rho 

test p-value < 0.05) based on the optimal sensitivity-specificity thresholds at 18 months. 

 



 

Figure 5S. Post-RCT PET radiomics signature prognostic for local tumor recurrence. In both 

implementations radiomic features selected in the final models were significantly different for patients with 

controlled tumors and with recurrences (* Wilcoxon rank-sum test p < 0.05).   
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