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A total of 252 features were computed for each voxel setting using a combination of open source code (i.e., PyRadiomics) and in-house code implemented in MATLAB (MathWorks, Inc.) [1]. Among 252 features, 173 features were computed using the PyRadiomics, while 79 features were computed using the in-house code. The features computed using the in-house code belonged to fractal-based, positive voxel-based, and sub-sampled GLCM-based, and sigmoid-based features.

Table S1. Radiomics features based on histogram, shape and size, texture, fractal, filtered, and sigmoid function.
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	Shape and Size features
	Texture features

	Based on whole pixel (n=19)
	Based on positive pixel (n=14)
	Based on 2D, 3D image (n=13)
	Based on GLCM (n=11)
	Based on ISZ (n=2)
	Based on NGTDM (n=5)

	Maximum*
	Mean
	Compactness
	Auto correlation**
	Size zone variance
	Busyness

	Minimum*
	Standard variation
	Surface area
	Cluster Tendency**
	Intensive variance
	Coarseness

	Median*
	Variance
	Convexity
	Maximum probability**
	
	Complexity

	Mean*
	Maximum
	Sphericity
	Contrast**
	
	Contrast

	Variance*
	Median
	Spherical disproportion
	Difference entropy**
	
	Strength

	Standard variation*
	Minimum
	Maximum 3D diameter
	Dissimilarity**
	
	

	Energy
	Inter quartile range
	Surface to volume ratio
	Energy**
	
	

	Skewness*
	Range
	Volume
	Entropy**
	
	

	Kurtosis*
	Root mean square
	Density
	Homogeneity**
	
	

	Root mean square
	Skewness
	Mass
	Informational measure of correlation**
	
	

	Inter quartile range
	Energy
	Roundness factor
	Variance**
	
	

	Range
	Entropy
	Eccentricity
	
	
	

	Percentile 2.5%, 25%, 50%, 75%, 97.5%
	Kurtosis
	Solidity
	
	
	

	Entropy*
	Uniformity
	
	
	
	

	Uniformity
	Mean value of positive pixels
	
	
	
	

	
	Uniformity of positive pixel
	
	
	
	

	
	
	
	
	
	

	Fractal features
	Filtered features (LoG***)
	Sigmoid function features

	Based on box-counting method (n=2)
	Based on blanket method (n=1)
	σ = 0.5 – 3.5 (n=9, respectively)
	3,5,7mm (n=6, respectively)

	Dimension
	Fractal signature dissimilarity
	Mean
	Amplitude mean

	Lacunarity
	
	Max
	Amplitude standard deviation

	
	
	Min
	Slope mean

	
	
	Median
	Slope standard deviation

	
	
	Standard deviation
	Offset mean

	
	
	Skewness
	Offset standard deviation

	
	
	Kurtosis
	

	
	
	Uniformity
	

	
	
	Entropy
	


ISZ: intensity variance and size zone variance value; GLCM: gray-level co-occurrence matrix; NGTDM: Neighborhood gray tone difference matrix; LoG: Laplacian of Gaussian
*These features are calculated from whole, inner 2/3, and outer 1/3 ROI. Difference (delta) between inner and outer ROIs is computed.
**These features are calculated from the setting of * plus sub-sampled ROIs.
***The sigma value for LoG features were computed with σ = 0.5 – 3.5 in 0.5 increments.


Table S2. Definition of extracted radiomics features
	
	Parameter
	Formula
	Description
	[bookmark: _Hlk11147884]IBSI [2] compliant

	Histogram-based features [3]
	Max, Min
	 or 
Where  denotes the 3d image matrix with  voxel.
	Measures maximum or minimum intensity value of a histogram
	O

	
	Median
	
Where  denote the 3d image matrix
	Measures median intensity value of a histogram
	O

	
	Mean
	
Where  denote the 3d image matrix with  voxel.
	Measures mean intensity value of a histogram
	O

	
	Variance
	
	Measures squared distances of each value of a histogram from the mean 
	O

	
	Standard deviation
	
Where  denote the 3d image matrix with  voxel.
	Measures amount of variation of a histogram.
	O

	
	Energy
	
Where  denote the 3d image matrix with  voxel.
	Measures squared magnitude value of a histogram
	O

	
	Skewness
	
Where  is the mean of ,  is the standard deviation of ,  is the expectation operator.
	Measures asymmetry of a histogram.
	O

	
	Kurtosis
	
Where  is the mean of,  is the standard deviation of ,  is the expectation operator.
	Measures “peakedness” of a histogram (flatness of histogram)
	O

	
	Root mean square (RMS)
	
Where  denote the 3d image matrix with  voxel.
	Measures the square-root of the mean of the squares of the values of the histogram. This feature is another measure of the magnitude of a histogram
	O

	
	Inter quartile range
	
Where  denote the 3rd quartile of histogram,  denote the 1st quartile of histogram
	Measures of variability, based on dividing a histogram into quartiles
	O

	
	Range
	
	Measures difference between the highest and lowest voxel values of a histogram
	O

	
	Percentile
	
	Measures intensity value at the 2.5th, 25th ,50th ,75th, and 97.5th percentile on histogram
	O

	
	Entropy
	
Where  denotes the first-order histogram with  discrete intensity levels.
	Measures irregularity of a histogram.
	O

	
	Uniformity
	
Where  denotes the first-order histogram with  discrete intensity levels.
	Measures uniformity of a histogram.
	O

	
	Mean value of positive pixels (MPP)
	
Where  denotes the total number of positive gray level pixels in 
	Measures average positive histogram value.
	X

	
	Uniformity value of positive pixels (UPP)
	
Where  denotes the first-order histogram with  discrete intensity levels.
	Measures uniformity of positive histogram value.
	X

	Shape- and size-based features [3,4]
	Compactness
	
Where denotes the volume, and  denotes the surface area of the volume of interest (VOI)
	Quantifies how close an object is to the smoothest shape, the circle
	O

	
	Surface area
	
Where  is the total number of triangles (coved surface area), and  are edge vectors
	The surface area of the ROI 
	O

	
	Convexity
	
Where  denotes tumor volume, and  denotes convex hull volume
	Measures ratio of the ROI volume contained within the tumor to the calculated convex hull volume
	O

	
	Sphericity
	
Where  denotes area, and  denotes tumor volume
	Measures of the roundness of the ROI
	O

	
	Spherical disproportion
	
Where  is the radius of a sphere with the same volume as the tumor
	The ratio of the surface area of the ROI to the surface area of a sphere with the same volume as the ROI
	O

	
	Maximum 3D diameter
	See description in the next column
	Measures of the maximum 3D ROI diameter. It is measured as the largest pairwise Euclidean distance, between surface voxels of the ROI
	O

	
	Surface to volume ratio (SVR)
	
Where  is area, and  is volume
	Surface to volume ratio in ROI
	O

	
	Volume
	
Where  denote the 3d image resolution
	Volume of tumor (ROI)
	O

	
	Mass
	
Where  denote the tumor volume,  denotes the tumor density
	Mass of tumor (ROI)
	O

	
	Density
	
Where  denote the tumor volume,  denote the tumor mass
	Density of tumor (ROI)
	O

	
	Roundness factor (2D)
	
	Measure of circularity of a ROI
	X

	
	Eccentricity (2D)
	
Where  is the distance from the center to a focus and  is the distance from that focus to a vertex
	Measure of how the tumor shape is close to 
the circle
	X

	
	Solidity (2D)
	
	Measure of convexity of a ROI on the 2D image
	X

	GLCM-based features [3]
	Auto correlation
	
	Measures of the magnitude of the fineness and coarseness of texture
	O

	
	Cluster tendency
	
	Measures of the homogeneity of GLCM
	O

	
	Maximum probability
	
	Measures maximum value of GLCM matrix
	X

	
	Contrast
	
	Measures of the local intensity variation of GLCM
	O

	
	Difference entropy
	
	Measures entropy of processed GLCM matrix Px-y
	O

	
	Dissimilarity
	
	Measures difference of each element of the gray level
	O

	
	Energy
	
	Measures of the homogeneity of GLCM
	O

	
	Entropy
	
	Measures irregularity of gray level.
	O

	
	Homogeneity
	
	Measures closeness of gray-level.
	O

	
	Informational measure of correlation
	
	Secondary measure of Homogeneity
	O

	
	Variance
	
	Measures dispersion of the parameter values around the mean of the combinations of reference and neighborhood pixels
	O

	
	Where is the gray level co-occurrence matrix for (,
is the number of discrete intensity value in the image,
 is the number of voxels in the ROI,
 is the mean of 
 is the marginal row probabilities,
 is the marginal column probabilities,
 is the expected value of marginal row probability,
 is the expected value of marginal column probability,
 is the standard deviation of ,
 is the standard deviation of ,
,
,
 is the entropy of ,
 is the entropy of ,
is the entropy of 


	ISZ-based features [5]
	Size-zone variability
	
	Variability in the size of ROI
	O

	
	Intensity variability
	
	Variability in the intensity of ROI
	O

	
	Where  is the intensity size zone matrix
 represents the number of homogeneous areas in tumor,
 is the number of distinct intensity values,
 is the size of homogeneous area in the matrix 

	NGTDM-based features [6,7]
	Busyness
	
	Measure of spatial rate of gray-level change
	O

	
	Coarseness
	
	Measure of edge density
	O

	
	Complexity
	
	Measure of the amount of information in a ROI (gray-level intensities, number of sharp edges)
	O

	
	Contrast
	
	Measure of local variations and spread of matrix values
	O

	
	Strength
	
	
	O

	
	Where  is the probability of occurrence of gray level value,  is the NGTDM,  is the total number of different gray levels in the ROI,  is the number of possible gray levels

	Filter-based features [4]
(LoG)
	Mean
	
Where  denote the filtered 3d image matrix with  voxel.
	Measurement of mean of ROI image processed by LoG filter
	X

	
	Max
	
Where  denotes the filtered 3d image matrix with  voxel.
	Measurement of max intensity value of ROI image processed by LoG filter
	X

	
	Min
	
Where  denotes the filtered 3d image matrix with  voxel.
	Measurement of minimum intensity value of ROI image processed by LoG filter
	X

	
	Median
	
Where  denote the filtered 3d image matrix
	Measurement of median intensity value of ROI image processed by LoG filter
	X

	
	Standard deviation (Std)
	
Where  denote the filtered 3d image matrix with  voxel.
	Measurement of standard deviation of ROI image processed by LoG filter
	X

	
	Skewness
	
Where  is the mean of ,  is the standard deviation of ,  is the expectation operator.
	Measurement of skewness of ROI image processed by LoG filter
	O

	
	Kurtosis
	
Where  is the mean of  is the standard deviation of ,  is the expectation operator.
	Measurement of kurtosis of ROI image processed by LoG filter
	O

	
	Uniformity
	
Where  denotes the first-order histogram with  discrete intensity levels.
	Measurement of uniformity of ROI image processed by LoG filter
	O

	
	Entropy
	
Where  denotes the first-order histogram with  discrete intensity levels.
	Measurement of entropy of ROI image processed by LoG filter
	O

	
	
, where I(x,y,z) is the image, and * denote convolution

	Fractal-based features [8,9]
	Lacunarity
(Box-counting method)
	See description in the next column
	Measure of the texture or distribution of gaps within an image
	X

	
	Dimension 
(Box-counting method)
	
Where  is the number of voxels, and  is the each of different side lengths
	Fractal dimension quantifies morphological complexity and provides information on the self-similarity properties
	X

	
	Fractal signature dissimilarity 
(Blanket method)
	See description in the next column
	Measure of tumor heterogeneity infromation
	X

	Sigmoid function-based features [4]
	Amplitude mean
	See description in the next column
	Mean of the amplitude values of all sampling lines
	X

	
	Amplitude standard deviation
	
	Standard deviation of the amplitue values of all sampling lines
	X

	
	Slope mean
	
	Mean of the slope values of all sampling lines
	X

	
	Slope standard deviation
	
	Standard deviation of the slope values of all sampling lines
	X

	
	Offset mean
	
	Mean of the offset values of all sampling lines
	X

	
	Offset standard deviation
	
	Standard deviation of the offset values of all sampling lines
	X

	
	
Where  is the amplitude,  is the slope of the curve, and  is the offset of the curve


ISZ: intensity variance and size zone variance value; GLCM: gray-level co-occurrence matrix; NGTDM: Neighborhood gray tone difference matrix; LoG: Laplacian of Gaussian; ISBI: Image biomarker standardization initiative
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In experiment 1, we identified nine features to be reproducible in both voxel geometry settings. Under the original voxel geometry setting, the top three features explained most of the variance. The maximum (histogram-based) explained 51.35%, maximum 3D diameter (shape-based) explained 24.93%, and dissimilarity (GLCM-based) explained 12.55% of the total explained variance (Supplementary Table X). The top three important features using OOB observations were maximum 3D diameter, entropy (GLCM-based), and dissimilarity (GLCM-based) features. Under the isotropic geometry setting, maximum (histogram-based) explained 54.45%, maximum 3D diameter (shape-based) explained 28.7%, and dissimilarity (GLCM-based) explained 9.99% of the total variance (Supplementary Table X). The top three important features using OOB observations were maximum 3D diameter (shape-based), maximum (histogram-based), and entropy (GLCM-based) features. In general, the features that explained a larger portion of the variance had higher feature importance.
In experiment 2, we identified five features to be reproducible among different bin settings. Under the 32-bin setting, maximum (histogram-based) explained 51.83%, difference entropy (GLCM-based) explained 27.74%, and entropy (GLCM-based) explained 20.18% of the total explained variance. The top three important features using OBB observation were entropy (GLCM-based), difference entropy (GLCM-based), and maximum (histogram-based) features. Under the 64-bin setting, maximum (histogram-based) explained 51.86%, difference entropy (GLCM-based) explained 26.17%, and entropy (GLCM-based) explained 21.79%. The top three important features using OBB observation were entropy (GLCM-based), difference entropy (GLCM-based), and maximum (histogram-based) features. Under the 128-bin setting, maximum (histogram-based) explained 51.83%, entropy (GLCM-based) explained 24.56%, and difference entropy (GLCM-based) explained 23.12%. The top three important features using OBB observation were entropy (GLCM-based), difference entropy (GLCM-based), and homogeneity (GLCM-based) features. As in experiment 1, the features that described a larger portion of the variance had higher feature importance.

Table S3. The proportion of explained variance for reproducible features
	Experiment
	Name of the features
	Explained variance [%]

	Experiment 1 – original voxel geometry
	maximum (histogram-based)
	51.35%

	
	maximum 3D diameter (shape-based)
	24.93%

	
	dissimilarity (GLCM-based)
	12.55%

	
	Entropy (GLCM-based)
	10.5%

	
	Cluster tendency 
(GLCM-based)
	0.21%

	
	Lacunarity (Fractal-based)
	0.14%

	
	Skewness (Filter-based)
	0.14%

	
	Minimum (Histogram-based)
	0.14%

	
	Spherical disproportion 
(shape-based)
	0.07%

	Experiment 1 – isotropic voxel geometry
	maximum (histogram-based)
	54.45%

	
	maximum 3D diameter 
(shape-based)
	28.7%

	
	dissimilarity (GLCM-based)
	9.99%

	
	Spherical disproportion
 (shape-based)
	3.34%

	
	Entropy (GLCM-based)
	2.26%

	
	Skewness (Filter-based)
	1.17%

	
	Cluster tendency 
(GLCM-based)
	0.04%

	
	Lacunarity (Fractal-based)
	0.04%

	
	Minimum (Histogram-based)
	0%

	Experiment 2 – 32 bin
	maximum (histogram-based)
	51.83%

	
	difference entropy 
(GLCM-based)
	27.74%

	
	entropy (GLCM-based)
	20.18%

	
	Homogeneity (GLCM-based)
	0.13%

	
	Minimum (Histogram-based)
	0.11%

	Experiment 2 – 64 bin
	maximum (histogram-based)
	51.86%

	
	difference entropy 
(GLCM-based)
	26.17%

	
	entropy (GLCM-based)
	21.79%

	
	Minimum (Histogram-based)
	0.11%

	
	Homogeneity (GLCM-based)
	0.07%

	Experiment 2 – 128 bin
	maximum (histogram-based)
	51.83%

	
	entropy (GLCM-based)
	24.56%

	
	difference entropy 
(GLCM-based)
	23.12%

	
	Homogeneity (GLCM-based)
	0.37%

	
	Minimum (Histogram-based)
	0.11%
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Figure S1. The relative importance of the features using permutation of out-of-bag (OOB) observations within the RF classifier in experiment 1. (A) original voxel geometry; (B) isotropic voxel geometry.
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Figure S2. The relative importance of the features using permutation of out-of-bag (OOB) observations within the RF classifier in experiment 2. (A) 32 bin; (B) 64 bin; (C) 128 bin.
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