APPENDIX A. Definition of Radiomics features
 Shape features describe the shape of the traced region of interest (ROI) and its geometric properties such as volume, maximum diameter along different orthogonal directions, maximum surface, tumor compactness, and sphericity. [30]
First-order statistics features describe the distribution of individual voxel values without concern for spatial relationships. These are histogram-based properties reporting the mean, maximum, uniformity, etc. [30]
 Second-order features include the so-called textural features [77], obtained by calculating the statistical inter-relationships between neighboring voxels [77]. They provide a measure of the spatial arrangement of the voxel intensities and intra-lesion heterogeneity [35]. The second-order features we have extracted are as follows:
GLCM
 The GLCM is a matrix defined on an image, which is a particular interest in the field of medical image analysis. The GLCM extracts the features of (Autocorrelation, Joint Average, Cluster Prominence, etc.) [55].
GLSZM
 The GLSZM quantifies gray level zones in an image. A gray level zone is defined as the number of connected voxels that share the same gray level intensity. The GLSZM extracts the features of (Small Area Emphasis, Large Area Emphasis, Gray Level Non-Uniformity, etc.) [55].
GLRLM
 The GLRLM method is a way of extracting higher-order statistical texture features based on a gray level run. The gray level run can be described as a line of pixels in a certain direction with the same intensity value. The number of times such a pixel appears is called the run length value. The GLRLM extracts the features of (Short Run Emphasis, Long Run Emphasis, Gray Level Non-Uniformity, etc.) [55].
GLDM
The GLDM quantifies gray level dependencies in an image. A gray level dependency is defined as the number of connected voxels within distance δ that are dependent on the center voxel. GLDM extracts these features of small dependence emphasis, large dependence emphasis, gray level non-uniformity, etc. [55].
More details on the second-order features can be found in the official PyRadiomics documentation [55].
Higher-order features are obtained by filtering the image.  These features are used to identify repeating and non-repeating patterns, suppress noise, and obtain detail enhancement. These include LoG filter, wavelet transform, etc., which can extract areas with increasingly coarse texture patterns [30]. These filters are defined as follows.

LoG filter
The LoG filter is known as a filter that can highlight tumor characteristics not visible in the original image [78]. The LoG filter is difined as
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where the LoG filter is the second-order derivative of the Gaussian filter. The Gaussian filter is difined as
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where the LoG filter is defined as the addition of the second-order partial derivative for  and the second-order partial derivative for .
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In addition, the LoG filter changes the kernel with parameters called  [mm] and filter size.
For example, when these parameters are  = 3 mm and filter size = , then kernel K is as
.                            (A6)
 The parameters of  [2.0 to 5.0] were used. Figure A1 shows an example of image processing by the LoG filter. The LoG filter can produce different textures depending on the value of  [mm].

Fig. A1: An example of image processing by LoG filter (a) original; (b)  = 1 mm; (c)  = 2 mm; (d)  = 3 mm; (e)  = 4 mm; and (f)  = 5 mm.  is standard deviation of pixel values.

Wavelet transform
The wavelet transform is known as a method to obtain multiscale textures [78]. The wavelet transform uses the discrete wavelet transform (DWT). The wavelet transform is defined as
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where a is scale, b is translation, and is called the mother wavelet.
The original function can be obtained as
.              (A8)
 DWT is a discretization of the wavelet transform with  and  as  and , respectively. DWT is defined as
                     (A9)
In addition, we used the 3D-DWT, which is represented by the following tensor product.
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,
[bookmark: OLE_LINK1]where  and  denote a space direct sum and convolution, respectively, H and L denote high-pass and low-pass filters; , , and  are the 3D coordinates. Consequently, we extracted these features of multiscale texture types (LLL, HLL, LHL, HHL, LLH, HLH, LHH, and HHH). Mostly, the fine texture is derived from the details (i.e., high-pass filter), while the coarse texture is derived from the approximation (i.e., low-pass filter) [79]. 
Figure A2 shows an example of image processing by 2D-wavelet transform. In this example, there are four textures that can be obtained for 2D: LL, LH, HL, and HH. These correspond to image approximations, horizontal detail, vertical detail, and diagonal detail. The figure A2 shows the rT2w by wavelet transform. 

Fig. A2: An example of image processing by 2D-wavelet transform (a) Approximation; (b) horizontal detail; (c) vertical detail; (d) diagonal detail. The color bar in the figure was set by the maximum value of pixel.


