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Supplementary Methods
Harmonization Methods
[bookmark: OLE_LINK21][bookmark: _Hlk118398713]Four popular harmonization methods were performed to remove the non-biological radiomics feature variations caused by different manufacturers, scanners, acquisitions, and reconstruction settings (also called batch effect). To further investigate the feasibility to harmonize previously unseen data (e.g., a new patient or cohort from known batch), we applied the learned harmonization transformation from the internal data (training and internal validation sets) to external testing data, assuming the batch effect in the new external dataset was identical with that of the internal dataset.
 Location-scale Methods (Centering-scaling and ComBat)
 The centering-scaling method corrects the batch effect by normalizing the feature values in each batch:

		(1),








where  is normalized value for feature  of sample  in batch ,  and are mean and standardized deviation for feature  in batch , respectively. The mean and standard deviation calculated in the internal data set were applied to normalize the feature values of the external testing set.

ComBat uses empirical Bayes (EB) framework to adjust the data for removing batch effect. In this study, it works with the following three steps: (i) Standardizing the data using

		(2),









where  and  represents the potential covariate matrix and the corresponding regression coefficients, respectively.  and  are feature-wise mean and standard deviation computed using the ordinary least-squares method across feature , sample , and batch .  is standardized feature data from the original feature data . After standardization, features have similar overall mean and standard deviation, avoiding the bias of EB estimates of the prior distribution of batch effect caused by the scale differences between features. (ii) Removing the batch effect estimated using non-parametric EB framework [1] via 

		(3),



where  and  are EB estimators for batch effect,  is harmonized feature data. (iii) Transforming to the original scale using

		(4).
The above parameters were learned from the internal data set and then applied to the new external testing set. In this study, R language-programmed codes [2,3] for this method were adopted and publicly available at https://github.com/Jfortin1/ComBatHarmonization.
Matrix Factorization Methods (based on SVD and ICA)

Matrix factorizations using Singular Value Decomposition (SVD) [4] and Independent Component Analysis (ICA) methods [5] were performed to decompose the feature-by-sample data matrix as:

		(5),


Where  can be interpreted as the feature activation pattern of component k and  as the weights of this pattern in the samples. Eliminating the batch effect by filtering out the components that are correlated with batches, as follows:

		(6),

		(7),

		(8),



where  is batch number, The correlations between batches and the first thirty components were measured using R2 and F-statistics, and the components significantly correlated with batch (p < 0.05) with higher R2 values were identified [6].  is clean feature data after removing the batch effect. The batch effect estimated from internal data was used to harmonize the external data by using

		(9),

where the second item can be explained as the patient-normalized batch effect learned from the internal feature data, and  is harmonized external feature data. SVD-based and ICA-based harmonization were performed based on R-package normFact, which is publicly available at http://sites.uclouvain.be/absil/2017.01.

Oversampling Methods
Five oversampling methods were performed to synthesize more minority class samples for constructing a balanced-distributing dataset. In this study, the ratio of minority class and majority class in the training set is 1:1 after oversampling.
Synthetic Minority Oversampling TEchnique (SMOTE) [7] synthesizes new samples by creating (k) random feature vectors along the line between each minority sample and its k nearest neighbors. The nearest neighbor was determined according to the Euclidean distance between minority class samples. These randomly generated samples effectively expand the decision region of the minority class, making it to be more generalizable. 
Borderline-SMOTE (BSMOTE) [8] oversamples only the borderline samples of minority class (i.e., minority examples near the classification borderline) by using the same oversampling technique as SMOTE. This method strengthens borderline minority samples, which are more important for classification since they are more likely to be misclassified than those far from the borderline.
Safe-level-SMOTE (SSMOTE) [9] generates new samples based on SMOTE, but introduces a safe level as a weight to make the synthetic example more close to the one with a larger safe level instead of selecting a random point between two specific vectors like SMOTE does. Safe level is defined as the number of minority samples in the k nearest neighbors. Hence, synthetic samples are positioned in more safe regions using this method.
Adaptive Synthetic (ADASYN) [10] sampling method uses a very similar strategy as SMOTE, but it provides different weights for different minority samples based on how difficult they are to learn, in which more synthetic data is generated for the hard-to-learn minority samples, whereas SMOTE produces equal numbers of synthetic samples for each minority sample. ADASYN adaptively balances the distribution according to the data characteristics, making the learning algorithm focus on those difficult-to-learn samples.
Self-adaptive Synthetic Over-sampling (SASYNO) [11] firstly identifies pairwise neighboring samples based on the ensemble properties and mutual distribution of the minority samples and then creates extrapolations by imposing Gaussian disturbance on these neighboring samples. Finally, the synthetic samples are generated by linearly interpolating between these extrapolations. The Gaussian subspaces occupied by the neighboring minority samples highly avoid overlaps with the majority samples, guaranteeing the quality of synthetic samples.
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Supplementary Figures
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Figure S1. Examples of segmentations and noise images of a patient.




[image: ]
Figure S2. Visualization of k-means clustering via principal component analysis, specially shows that (a) centers 3 and 4 were accurately assigned to different clusters, and (b) the resulting subtype distribution between the two clusters (ADC of cluster 1 vs. 2, 172 vs. 73; SCC of cluster 1 vs. 2, 56 vs. 22) had no significant difference (χ2 test).
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Figure S3. AUROCs (left column), G-means (median column) and scatterplots of AUROC and G-mean (right column) for 30 combinations of harmonization and oversampling methods on (a-c) RF, (d-f) LDA, (g-i) LR, and (j-l) SVM in the internal validation cohort. Batch was determined based on reconstruction method.

[image: ]
Figure S4. AUROCs (left column), G-means (median column) and scatterplots of AUROC and G-mean (right column) for 30 combinations of harmonization and oversampling methods on (a-c) RF, (d-f) LDA, (g-i) LR, and (j-l) SVM in the internal validation cohort. Batch was determined based on manufacturer.
[image: ]Figure S5. AUROCs (left column), G-means (median column) and scatterplots of AUROC and G-mean (right column) for 30 combinations of harmonization and oversampling methods on (a-c) RF, (d-f) LDA, (g-i) LR, and (j-l) SVM in the internal validation cohort. Batch was determined based on k-means clustering.


Supplementary Tables
Table S1. PET imaging characteristics.
	Institute
	Manufacture/Model
	Time per bed (min)
	Reconstruction Method
	Matrix size
	Slice thickness
	Pixel spacing
	Slice spacing

	Center 1
	GE/Discovery 690
	0.5
	VPFX
	192×192
	3.27
	3.64
	3.27

	
	GE/Discovery STE
	2, 3
	3DIR
	128×128
	3.27
	3.91, 5.47
	3.27

	Center 2
	Siemens/NA
	1, 3 
	OSEM, PSF
	168×168
	4, 5
	4.07
	3-5

	
	Philips/NA
	2, 3
	RAMLA
	144×144
	4
	4
	4

	
	GE/NA
	1-5
	OSEM, VPHD, VPHDS
	128×128, 192×192
	3.27, 4.25
	3.64-5.47 
	3.27, 4.25

	Center 3
	Siemens/Biograph 64 mCT
	0.6-2
	PSF+TOF
	200×200
	2, 3
	4.07
	2, 3

	Center 4
	GE/Discovery 710
	1-2
	VPFXS
	192×192
	3.27
	3.64
	3.27


NA, not available; OSEM, ordered subset expectation maximization; PSF, point spread function; RAMLA, row action maximum likelihood algorithm; VPHD, VUE Point HD; VPHDS, VPHD with PSF modeling; IR, iterative reconstruction; TOF, time of flight; VPFX, VUE Point FX; VPFXS, VPFX with PSF modeling.



Table S2. AUROC and G-mean of high-performing combinations in the internal validation and external testing sets. 
	Combination
	Internal validation
	External testing

	
	AUROC
	G-mean
	AUROC
	G-mean

	RF
	
	
	
	

	Baseline
	0.608 ± 0.058
	0.398 ± 0.161
	0.567 ± 0.120
	0.234 ± 0.224

	NoH + SMOTE
	0.658 ± 0.082
	0.575 ± 0.093
	0.591 ± 0.108
	0.417 ± 0.176

	NoH + ADASYN
	0.652 ± 0.088
	0.561 ± 0.088
	0.587 ± 0.105
	0.423 ± 0.148

	NoH + BSMOTE
	0.660 ± 0.079
	0.544 ± 0.161
	0.569 ± 0.105
	0.364 ± 0.186

	NoH + SSMOTE
	0.677 ± 0.059
	0.567 ± 0.085
	0.581 ± 0.103
	0.321 ± 0.186

	NoH + SASYNO
	0.665 ± 0.076
	0.531 ± 0.119
	0.604 ± 0.093
	0.342 ± 0.192

	ComBat +  NoO
	0.696 ± 0.073
	0.486 ± 0.136
	0.661 ± 0.122
	0.274 ± 0.203

	ComBat + SMOTE
	0.725 ± 0.079
	0.625 ± 0.101
	0.637 ± 0.117
	0.363 ± 0.215

	ComBat + ADASYN
	0.724 ± 0.073
	0.601 ± 0.099
	0.651 ± 0.100
	0.372 ± 0.197

	ComBat + BSMOTE
	0.726 ± 0.080
	0.599 ± 0.100
	0.654 ± 0.102
	0.371 ± 0.165

	ComBat + SSMOTE
	0.722 ± 0.077
	0.573 ± 0.095
	0.649 ± 0.124
	0.382 ± 0.213

	ComBat + SASYNO
	0.693 ± 0.079
	0.585 ± 0.103
	0.667 ± 0.106
	0.392 ± 0.166

	SVD + BSMOTE
	0.614 ± 0.074
	0.517 ± 0.089
	0.571 ± 0.117
	0.347 ± 0.196

	SVD + SASYNO
	0.613 ± 0.087
	0.519 ± 0.118
	0.589 ± 0.126
	0.369 ± 0.185

	ICA + SSMOTE
	0.651 ± 0.086
	0.533 ± 0.092
	0.579 ± 0.100
	0.250 ± 0.204

	ICA + SASYNO
	0.648 ± 0.063
	0.543 ± 0.075
	0.591 ± 0.118
	0.414 ± 0.164

	LDA
	
	
	
	

	Baseline
	0.647 ± 0.077
	0.197 ± 0.225
	0.590 ± 0.103
	0.043 ± 0.118

	NoH + SMOTE
	0.668 ± 0.065
	0.619 ± 0.083
	0.608 ± 0.116
	0.501 ± 0.132

	NoH + BSMOTE
	0.652 ± 0.068
	0.589 ± 0.071
	0.603 ± 0.106
	0.469 ± 0.157

	NoH + SSMOTE
	0.659 ± 0.072
	0.597 ± 0.085
	0.601 ± 0.108
	0.405 ± 0.201

	NoH + SASYNO
	0.653 ± 0.087
	0.604 ± 0.073
	0.623 ± 0.101
	0.517 ± 0.144

	LR
	
	
	
	

	Baseline
	0.651 ± 0.074
	0.216 ± 0.226
	0.602 ± 0.102
	0.071 ± 0.144

	NoH + SMOTE
	0.665 ± 0.073
	0.606 ± 0.084
	0.621 ± 0.119
	0.447 ± 0.157

	NoH + SSMOTE
	0.653 ± 0.080
	0.588 ± 0.091
	0.606 ± 0.114
	0.417 ± 0.191

	SVM
	
	
	
	

	Baseline
	0.623 ± 0.077
	0.128 ± 0.234 
	0.575 ± 0.122
	0.048 ± 0.135

	NoH + SMOTE
	0.662 ± 0.072
	0.577 ± 0.077
	0.602 ± 0.124
	0.497 ± 0.097

	NoH + ADASYN
	0.644 ± 0.081
	0.550 ± 0.071 
	0.594 ± 0.088
	0.494 ± 0.102

	NoH + BSMOTE
	0.647 ± 0.068
	0.571 ± 0.065
	0.608 ± 0.114
	0.509 ± 0.084

	NoH + SSMOTE
	0.660 ± 0.070
	0.583 ± 0.060
	0.596 ± 0.112
	0.519 ± 0.103

	NoH + SASYNO
	0.630 ± 0.094
	0.551 ± 0.097
	0.612 ± 0.096
	0.498 ± 0.119

	ComBat + NoO
	0.635 ± 0.122
	0.304 ± 0.227
	0.586 ± 0.092
	0.142 ± 0.199

	ComBat + ADASYN
	0.633 ± 0.087
	0.533 ± 0.111
	0.577 ± 0.129
	0.459 ± 0.109


Data are mean ± standard deviation.
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