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Data set annotation
Compounds with half maximal inhibitory concentration (IC50) values <10 µ M were classified as blockers, while those with IC50 values ≥ 10µ M were categorized as hERG non-blockers. The selection of this dataset is based on several reasons: first, the cutoff at 10 µM is widely used in literatures, facilitating comparisons for test data with other models. Second, the chemical structure is relatively diverse as it originates from five different sources, with a Tanimoto mean value of 0.124 based on 2048-bit Morgan fingerprints, A diverse range of datasets covering various chemical spaces is necessary for building a reliable binary classifier. Lastly, the ratio of blockers to non-blockers is almost 1:1, properly preventing the influence of an excessive number of hERG blockers or non-blockers on the prediction accuracy of the model. In our article, two methods were employed to divide the dataset for model construction and evaluation: random partitioning and scaffold-based partitioning. The raw dataset was divided into two sub-datasets: a training set (80%) and a validation set (20%). The training subset was used to train models, while the validation subset served for hyperparameters optimization and model evaluations. External test set I was employed to further validate the accuracy and the generalization ability of the model. For External Test Set II, based on different hERG testing methods and activity data, 10 µM was used as the threshold to distinguish between blockers and non-blockers. 
	Feature
	CV-ACC
	CV-MCC
	CV-AUROC
	CV-F1
	CV-AUPRC
	test-ACC
	test-MCC
	test-AUROC
	test-F1
	test-AUPRC

	Scaffold
	　
	　
	　
	　
	　
	　
	　
	　
	　
	　

	mordredfp_2d_deepchem
	0.799 ± 0.023
	0.597 ± 0.044
	0.880 ± 0.023
	0.809 ± 0.028
	0.889 ± 0.031
	0.757
	0.234
	0.83
	0.217
	0.283

	+pubchemfp
	0.800 ± 0.029
	0.598 ± 0.056
	0.879 ± 0.024
	0.810 ± 0.033
	0.888 ± 0.034
	0.745
	0.237
	0.832
	0.216
	0.313

	+mold2
	0.805 ± 0.023
	0.608 ± 0.043
	0.889 ± 0.021
	0.815 ± 0.029
	0.899 ± 0.029
	0.754
	0.232
	0.827
	0.216
	0.313

	+ morganfp_chiralCounts_rdkit_rad3
	0.801 ± 0.030
	0.600 ± 0.057
	0.886 ± 0.024
	0.812 ± 0.036
	0.895 ± 0.034
	0.761
	0.237
	0.829
	0.22
	0.31

	Random
	　
	　
	　
	　
	　
	　
	　
	　
	　
	　

	atomparifp
	0.866 ± 0.009
	0.731 ± 0.018
	0.935 ± 0.007
	0.873 ± 0.008
	0.941 ± 0.007
	0.755
	0.245
	0.805
	0.223
	0.247

	+ rdkit2d_chemprop
	0.870 ± 0.008
	0.738 ± 0.015
	0.939 ± 0.007
	0.876 ± 0.008
	0.944 ± 0.006
	0.745
	0.249
	0.83
	0.222
	0.242

	+ morganfp_chiralCounts_rdkit_rad3
	0.872 ± 0.007
	0.744 ± 0.015
	0.938 ± 0.006
	0.879 ± 0.008
	0.943 ± 0.008
	0.732
	0.24
	0.83
	0.214
	0.242

	+ morganfp_basic_rdkit_rad3
	0.874 ± 0.009
	0.747 ± 0.018
	0.940 ± 0.005
	0.880 ± 0.009
	0.944 ± 0.007
	0.736
	0.268
	0.833
	0.229
	0.229

	+ rdkitfp
	0.872 ± 0.010
	0.743 ± 0.019
	0.942 ± 0.006
	0.878 ± 0.010
	0.947 ± 0.006
	0.753
	0.256
	0.831
	0.228
	0.296


Supplementary Table 1. Detail results of MQ-Scaffold and MQ-Random models






	Feature
	Description/Smarts
	Reference

	SLogP
	Wildman-Crippen LogP 
	1

	Number of tertiary C-sp2
	Number of [CX3](=,:[#6])([#6])[#6]
	2

	MDEO-11
	Molecular distance edge between primary O and primary O
	3

	NdsN
	Number of atom type E-state of dsN 
	4

	TopoPSA(NO)
	Topological polar surface area descriptor (NO only)
	5

	nBase
	Number of basic group
	3

	Number of tertiary amides (aromatic)
	[nX3;]([#6])([#6])[#6]=[#8]
	2

	Molecular regression coefficients surface LogP index
	Octanol/water partition coefficient number
	2

	of ring secondary C-sp3
	Number of [CH2X4;R;]([#6])[#6]
	2

	NdssC
	Number of atom type E-state of dssC
	4




Supplementary Table 2. Top 10 important features in MaxQsaring model


Supplementary Table 4. Overview of pre-training representations with self-supervised and finetune training

	Name
	Model
	Pretrained data set
	Supervised data set
	Source

	gin_supervised_{contextpred, edgepred, infomax, masking}
	GIN
	ZINC15
	ChEMBL bioactive set
	6

	gin_supervised_{contextpred, edgepred, infomax, masking}_LogD
	GIN
	ZINC15
	Lipophilicity 
	7

	gin_supervised_{contextpred, edgepred, infomax, masking}_ESOL
	GIN
	ZINC15
	ESOL
	7

	gin_supervised_{contextpred, edgepred, infomax, masking}_LogDnew
	GIN
	ZINC15
	Lipophilicity
	8 


	gin_supervised_{contextpred, edgepred, infomax, masking}_RTtime
	GIN
	ZINC15
	RetentionTime
	8 


	chemprop_supervised_{scaffold, random}_LogD

	Chemprop
	-
	Lipophilicity
	9 


	chemprop_supervised_{scaffold, random}_LogDrescoss
	Chemprop
	-
	ReSCoSS calculated LogD approximations
	9 

	chemprop_supervised_{scaffold, random}_RTtime
	Chemprop
	-
	RetentionTime
	8

	chemprop_supervised_{scaffold, random}_pka
	Chemprop
	-
	pKa
	8

	chemprop_supervised_{scaffold, random}_LogP
	Chemprop
	-
	LogP
	8

	chemprop_supervised_{scaffold, random}_ESOL
	Chemprop
	-
	ESOL
	7

	grover_{base, large}
	GTransformer
	ZINC15
	-
	10

	KBert_{base,WCL}
	Bert
	ChEMBL

	
	11






Supplementary Table 6. Top additional pretrained features selected by CV-MCC and Test-MCC metrics

	Additional feature name
	CV-MCC
	
	Additional feature name
	Test-MCC

	Original 
(mordredfp_2d_deepchem,pubchemfp,mold2)
	0.608
	
	Original 
(mordredfp_2d_deepchem,pubchemfp,mold2)
	0.232

	+chemprop_supervised_scaffold_bbbreg
	0.615
	
	+gin_supervised_edgepred
	0.282

	+chemprop_supervised_scaffold_bbbclass
	0.615
	
	+gin_supervised_masking_LogD
	0.265

	+chemprop_supervised_scaffold_ld50*
	0.613
	
	+gin_supervised_edgepred_LogD
	0.265

	+chemprop_supervised_scaffold_LogDrescoss
	0.611
	
	+gin_supervised_edgepred_LogDnew
	0.264

	+gin_supervised_edgepred_ESOL
	0.611
	
	+grover_base
	0.261

	+chemprop_supervised_random_LogDrescoss
	0.610
	
	+gin_supervised_edgepred_RTtime
	0.260

	+gin_supervised_edgepred_RTtime
	0.610
	
	+grover_large
	0.259

	+chemprop_supervised_scaffold_LogD
	0.610
	
	+kBert_wcl
	0.253

	+chemprop_supervised_random_pka
	0.610
	
	+gin_supervised_contextpred
	0.247

	+chemprop_supervised_scaffold_LogP
	0.609
	
	+gin_supervised_infomax_LogD
	0.246

	
	
	
	+gin_supervised_masking
	0.241

	
	
	
	+gin_supervised_edgepred_ESOL
	0.238

	
	
	
	+kBert_chiral
	0.238

	
	
	
	+gin_supervised_contextpred_LogD
	0.234

	
	
	
	+chemprop_supervised_scaffold_bbbreg
	0.233

	
	
	
	+chemprop_supervised_scaffold_bbbclass
	0.233

	
	
	
	+chemprop_supervised_random_pka
	0.233

	
	
	
	+chemprop_supervised_random_ESOL
	0.233

	
	
	
	+chemprop_supervised_scaffold_LogP
	0.232


*Note. Chemprop_supervised_scaffold_ld50 means the pretrained representations trained by Chemprop on the LD50 dataset with scaffold split.
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