Supplemental Digital Content
Supplemental Digital Content 1. Radiomics features fixed bin size discretization
To improve reproducibility of promising quantitative features, the voxel intensities of the VOIs were discretized for the calculation of all texture features.1 Fixed bin size discretization was used since it has been proven to be relevant for reproducibility and feature comparison.2 When using fixed bin discretization, a single bin represents a gray level range set by the bin width. Bin width was chosen in such a way that the total number of bins ended up somewhere between 30 and 130.3 All images were first normalized and later discretized using a bin width of 0.15, with the exception of 3D LBP that used 0.05.
Supplemental Digital Content 2. Machine learning approaches
The machine learning approach recommended for radiomics by Parmar et al. 4 was reproduced starting with Wilcoxon based univariate feature selection. The Wilcoxon scoring function was taken from the appendix of the original article.4 The optimal number of selected features which were fed to the random forest model was tuned using randomized search 5 fold cross validation.5 Likewise, the hyperparameters for the random forest classifier were tuned. 
Another machine learning approach was taken based on multivariate feature selection in an effort to improve on the aforementioned combination of univariate selection and random forest. Multivariate feature selection takes relations between features into account while univariate selection only focuses on the relation between a single feature and the prediction labels.6 Joint mutual information maximization (JMIM) was selected as multivariate technique because it was found to mostly outperform other often used multivariate techniques during its introduction.4,5,7,8 One such technique it outperformed was minimum redundancy maximum relevance (mRMR),  a multivariate technique with proven effectiveness in radiomics.4 JMIM uses mutual information and tries to find features that have a high relevance for distinguishing CS PCa from non-CS entities while reducing redundant features. While the maximum of the minimum criterion ensures it does not suffer from  incorrect removal of redundant features and overestimation of the relevance of which mRMR and other multivariate techniques suffer.7
The random forest classifier was replaced by extreme gradient boosting (XGB), a tree boosting system often preferred by Kaggle machine learning competition winners for structured datasets.9 Extreme gradient boosting is based on regular boosting and tries to find a number of weak decision trees and combine these into an ensemble. Finding the optimal multivariate feature selection technique, number of features selected by this technique and overall hyperparameter setting for XGB was done using randomized search in 5 fold cross validation. 
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Supplemental Digital Content 3. Image filters and enhancement
Laplacian of Gaussian (LoG) filters were applied to the original mpMR images of both training datasets (D1: T2-weighted imaging, DWI b-values 50, 400, 800, 1400 mm/s2, ADC; D2: T2-weighted imaging, DWI b-values 50, 400, 800, 1400 mm/s2, ADC, and DCE) to emphasize the detection of areas inside the VOI where voxels differ and rapidly change in intensity. Noise was first suppressed by a Gaussian filter which was followed by a Laplacian for edge detection.10 Different Gaussian filter width distances between 0.5 mm and 2 mm were used to find the most effective distance. Smaller distances focus on voxels over a shorter distance, while higher distances put emphasis on intensity changes over longer distances. Additionally, a gradient filter was used to find the gradient magnitude for each individual voxel. This gave information about the change in image intensity gradient in a certain direction, which adds useful information for the detection and diagnosis of certain lesions.11 A multilevel discrete wavelet decomposition was performed in two dimensions (x,y) to emphasize naturally occurring directional features on the mpMR images. Four decompositions were yielded using Discrete Meyer wavelets.12 The decompositions consisted of all combinations of the wavelet used as low (L) or high (H) pass filter (LL, LH, HL, HH) in each of the directions. The low pass filter gives an approximation of the mpMR image structures while the high pass filter focuses on image details. Furthermore, a uniform two-dimensional local binary pattern (2D LBP) was calculated for the voxels inside the VOI.  The rotationally invariant uniform local binary patterns have shown to be a valuable addition to different classification problems like facial recognition. 13–15 Lastly, one image enhancement filters that takes the logarithm of each pixel intensity was applied. An additional factor which uses the maximum image intensity is used by the enhancement filters to enhance potential differences between CS lesions and non-CS entities.
Supplemental Digital Content 4. Top 20 most influential features for model 1 to 6 supplied by the Random forest and XGB algorithms

Scores supplied by either the random forest algorithm or the extreme gradient boosting algorithm. Summation of all importance scores lead to 1, higher scores mean higher influence on the end result.
	Importance
	Top 20 Features Model 1
	Importance
	Top 20 Features Model 2

	0,142694
	original_glcm_MCC-DWI-bcal
	0,074413
	original_glcm_DifferenceAverage-K-Trans

	0,098962
	original_ngtdm_Strength-DWI-bcal
	0,065561
	original_glcm_DifferenceEntropy-K-Trans

	0,079893
	original_glcm_Imc1-DWI-bcal
	0,063078
	original_ngtdm_Coarseness-K-Trans

	0,063151
	original_firstorder_RobustMeanAbsoluteDeviation-DWI-bcal
	0,060663
	original_glcm_Id-K-Trans

	0,059041
	original_glszm_GrayLevelVariance-DWI-bcal
	0,051059
	original_glcm_Idm-K-Trans

	0,053515
	original_glcm_ClusterTendency-DWI-bcal
	0,050967
	original_firstorder_Range-K-Trans

	0,051436
	original_glrlm_GrayLevelVariance-DWI-bcal
	0,046135
	original_firstorder_Maximum-K-Trans

	0,050534
	original_gldm_GrayLevelVariance-DWI-bcal
	0,035738
	original_firstorder_90Percentile-K-Trans

	0,037092
	original_firstorder_Range-DWI-bcal
	0,034792
	original_firstorder_RootMeanSquared-K-Trans

	0,035206
	original_firstorder_Variance-DWI-bcal
	0,033971
	original_gldm_DependenceNonUniformity-K-Trans

	0,034331
	original_ngtdm_Complexity-DWI-bcal
	0,031041
	original_firstorder_MeanAbsoluteDeviation-K-Trans

	0,034259
	original_glcm_SumSquares-DWI-bcal
	0,028738
	original_gldm_DependenceNonUniformityNormalized-K-Trans

	0,031103
	original_firstorder_Maximum-DWI-bcal
	0,027709
	original_glcm_SumAverage-K-Trans

	0,030456
	original_glcm_DifferenceVariance-DWI-bcal
	0,027098
	original_glcm_JointAverage-K-Trans

	0,030256
	original_glrlm_RunEntropy-DWI-bcal
	0,024484
	original_firstorder_RobustMeanAbsoluteDeviation-K-Trans

	0,029919
	original_firstorder_90Percentile-DWI-bcal
	0,024056
	original_glcm_SumEntropy-K-Trans

	0,028511
	original_firstorder_MeanAbsoluteDeviation-DWI-bcal
	0,023488
	original_gldm_SmallDependenceEmphasis-K-Trans

	0,026092
	original_glszm_SizeZoneNonUniformity-DWI-bcal
	0,023361
	original_firstorder_Entropy-K-Trans

	0,025101
	original_firstorder_InterquartileRange-DWI-bcal
	0,022458
	original_glszm_ZoneEntropy-K-Trans

	0,022072
	original_glcm_InverseVariance-DWI-bcal
	0,022273
	original_glszm_ZonePercentage-K-Trans




	Importance
	Top 20 Features Model 3
	Importance
	Top 20 Features Model 4

	0,051059
	original_glcm_Correlation-T2-sag
	0,063448
	original_gldm_LargeDependenceHighGrayLevelEmphasis-T2-sag

	0,041096
	original_gldm_LargeDependenceHighGrayLevelEmphasis-T2-sag
	0,06069
	original_glcm_Correlation-T2-sag

	0,038605
	original_glcm_Idmn-ADC
	0,048276
	original_ngtdm_Coarseness-K-Trans

	0,036115
	original_glszm_GrayLevelNonUniformity-T2-tra
	0,048276
	original_firstorder_Range-T2-tra

	0,032379
	original_firstorder_Range-T2-tra
	0,038621
	original_gldm_LargeDependenceHighGrayLevelEmphasis-ADC

	0,028643
	original_firstorder_Median-ADC
	0,037241
	original_glcm_Idn-ADC

	0,028643
	original_ngtdm_Complexity-T2-tra
	0,037241
	original_glszm_GrayLevelNonUniformity-DWI-bcal

	0,027397
	original_ngtdm_Strength-DWI-bcal
	0,031724
	original_glcm_MCC-DWI-bcal

	0,026152
	original_ngtdm_Busyness-DWI-b800
	0,031724
	original_firstorder_Mean-ADC

	0,026152
	original_glszm_SmallAreaEmphasis-DWI-bcal
	0,028966
	original_glcm_MCC-DWI-b800

	0,024907
	original_firstorder_Minimum-T2-cor
	0,028966
	original_firstorder_RobustMeanAbsoluteDeviation-DWI-bcal

	0,022416
	original_glszm_GrayLevelNonUniformityNormalized-DWI-bcal
	0,027586
	original_ngtdm_Busyness-K-Trans

	0,021171
	original_glcm_MCC-DWI-b800
	0,027586
	original_glcm_Imc2-ADC

	0,019925
	original_glcm_Correlation-DWI-b800
	0,026207
	original_firstorder_Minimum-T2-cor

	0,01868
	original_glcm_MCC-T2-sag
	0,024828
	original_firstorder_10Percentile-ADC

	0,017435
	original_firstorder_RobustMeanAbsoluteDeviation-DWI-bcal
	0,023448
	original_glszm_SizeZoneNonUniformityNormalized-K-Trans

	0,017435
	original_firstorder_Mean-ADC
	0,022069
	original_ngtdm_Strength-DWI-bcal

	0,017435
	original_glcm_MCC-DWI-bcal
	0,022069
	original_glcm_Imc1-DWI-b800

	0,017435
	original_firstorder_Energy-T2-cor
	0,02069
	original_glszm_ZoneEntropy-DWI-bcal

	0,016189
	original_firstorder_Kurtosis-ADC
	0,017931
	original_firstorder_TotalEnergy-K-Trans



	Importance
	Top 20 Features Model 5
	Importance
	Top 20 Features Model 6

	0,044888
	original_glcm_Idmn-ADC
	0,053704
	logarithm_firstorder_Range-T2-tra

	0,0399
	original_gldm_LargeDependenceHighGrayLevelEmphasis-T2-sag
	0,048148
	log-sigma-1-5-mm-3D_glrlm_LongRunHighGrayLevelEmphasis-T2-sag

	0,038653
	original_firstorder_Median-ADC
	0,044444
	original_firstorder_Median-ADC

	0,03616
	original_ngtdm_Strength-DWI-bcal
	0,040741
	log-sigma-0-5-mm-3D_glcm_Correlation-DWI-bcal

	0,033666
	original_glszm_LowGrayLevelZoneEmphasis-ADC
	0,040741
	log-sigma-0-5-mm-3D_firstorder_Mean-DWI-bcal

	0,033666
	original_firstorder_Mean-T2-cor
	0,038889
	log-sigma-1-5-mm-3D_firstorder_90Percentile-ADC

	0,032419
	original_firstorder_Minimum-ADC
	0,038889
	logarithm_firstorder_Maximum-DWI-bcal

	0,028678
	original_firstorder_Minimum-T2-cor
	0,037037
	logarithm_glszm_GrayLevelNonUniformity-DWI-b800

	0,028678
	original_firstorder_Kurtosis-ADC
	0,031481
	original_glszm_ZoneEntropy-DWI-bcal

	0,026185
	original_glszm_GrayLevelNonUniformity-T2-tra
	0,031481
	logarithm_gldm_DependenceEntropy-DWI-bcal

	0,023691
	original_firstorder_Kurtosis-T2-sag
	0,02963
	logarithm_glcm_MCC-DWI-bcal

	0,021197
	original_glszm_GrayLevelNonUniformityNormalized-DWI-bcal
	0,027778
	original_gldm_DependenceEntropy-DWI-bcal

	0,021197
	original_ngtdm_Strength-T2-tra
	0,025926
	original_firstorder_Minimum-ADC

	0,021197
	original_firstorder_Range-T2-tra
	0,024074
	original_glszm_GrayLevelNonUniformity-DWI-b800

	0,021197
	original_glszm_GrayLevelNonUniformity-DWI-b800
	0,024074
	logarithm_glszm_SmallAreaEmphasis-DWI-bcal

	0,01995
	original_glcm_Contrast-DWI-bcal
	0,024074
	log-sigma-1-5-mm-3D_ngtdm_Busyness-DWI-bcal

	0,01995
	original_firstorder_Energy-ADC
	0,022222
	original_firstorder_10Percentile-ADC

	0,018703
	original_firstorder_Uniformity-DWI-b800
	0,022222
	logarithm_glszm_GrayLevelNonUniformity-DWI-bcal

	0,017456
	original_glszm_GrayLevelNonUniformity-DWI-bcal
	0,02037
	log-sigma-1-5-mm-3D_glcm_ClusterTendency-DWI-b800

	0,017456
	original_firstorder_Kurtosis-DWI-bcal
	0,02037
	original_glszm_GrayLevelNonUniformity-DWI-bcal
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