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1. Experimental setups
1.1 Hyperparameter settings of HSSynergy
[bookmark: OLE_LINK228]Table S1: Hyperparameter settings.
	Hyperparameter category
	Hyperparameter name
	values

	
GACFs
	GACFs hidden units
	128, 256, 512

	
	GACFs layers
	2, 4, 6, 8, 10

	
	GACFs attention heads
	2, 4, 6

	[bookmark: OLE_LINK5]MLP
	MLP hidden units
	[2048, 512], [2048, 1024, 512]

	FC
	FC hidden units
	128, 256, 512, 1024

	

Training configuration
	Learning rate
	，，，

	
	Dropout
	No dropout，0.1，0.2，0.3，0.4，0.5

	
	Train batch size
	64, 128, 256

	
	Test batch size
	64, 128, 256

	
	Num epochs
	100, 200, 300

	
	Patience
	10, 20, 30

	SAMA
	SAMA attention heads
	4, 8, 12

	
	Grouping of SAMA 
	[bookmark: OLE_LINK2][(1,2) (3,4) (5,6)], [(1,2,3) (4,5,6)], [(1,2,3,4) (5,6)]



1.2 Deep Learning and Machine Learning Baselines for Comparison with HSSynergy
The brief descriptions of the various models are as follows：
· SDDSynergy can extract substructures of varying sizes from drug molecules, capture interaction information between substructures, and exhibit excellent generalization and mechanistic interpretability.
· DeepDDS utilizes Graph Convolutional Networks (GCN) or Graph Attention Networks (GAT) for drug feature extraction; hence, we refer to these configurations as DeepDDS-GCN and DeepDDS-GAT, respectively. 
· DFFNDDS leverages a fine-tuned BERT model to extract effective drug features from SMILES representations and employs a dual-feature fusion mechanism to integrate drug and cell line characteristics at both the bit-level and vector-level for drug synergy prediction. 
· HypergraphSynergy constructs synergistic drug combinations on cancer cell lines into a hypergraph (with drugs and cell lines as nodes), and learns the embedding representations of drugs and cell lines from the hypergraph using hypergraph neural networks to achieve synergy prediction. 
· MatchMaker utilizes two subnetworks to obtain representations of drug combinations on specific cancer cell lines, and a third subnetwork to predict the synergistic effect of the drug combination. 
· DeepSynergy concatenates drug molecular fingerprints and gene expression profiles of cancer cell lines as input to a multilayer feed-forward neural network to model the synergistic effects of drug combinations. 
· DEML is a multi-task neural network comprising a synergy classification task, a drug interaction classification task, and five synergy regression prediction tasks. To ensure consistency of the dataset, this study selects only the synergy classification task as the model’s final output. 
· CCSynergy is a deep neural network architecture that takes feature vectors containing information related to drug combinations and cancer cell lines as input.
2. Supplementary experimental results
[bookmark: OLE_LINK231]2.1 Ablation Experimental Results
[bookmark: OLE_LINK229][bookmark: OLE_LINK232]Table S2: Results of model ablation experiment (Avg (%)).
	[bookmark: OLE_LINK230]Model
	AUC
	AUPR
	ACC

	－
	[bookmark: OLE_LINK53]94.6
	94.5
	87.9

	[bookmark: OLE_LINK9]w/o GACFs
	93.4
	93.0
	86.1

	[bookmark: OLE_LINK166]w/o CACA
	87.3
	87.1
	78.2

	[bookmark: OLE_LINK167]w/o LACA
	94.0
	94.1
	86.0

	[bookmark: OLE_LINK168]w/o SAMA
	91.6
	91.3
	84.6

	[bookmark: OLE_LINK169]w/o LACA+CACA
	86.8
	86.6
	81.4

	[bookmark: OLE_LINK170]w/o SAMA+CACA
	83.2
	83.1
	75.2

	w/o LACA+SAMA
	85.7
	85.2
	80.8



2.2 Leave-One-Tissue-Out Cross-Validation

Table S3: Performance(AUC) Comparison of HSSynergy and the state-of-the-art deep learning methods for the six tissues(Avg (%)).
	
Models
	Breast
	Colon
	Lung
	Melanoma
	Ovarian
	Prostate

	HSSynergy
	80.8
	81.4
	81.2
	81.0
	80.9
	80.1

	SDDSynergy
	80.3
	81.0
	80.6
	80.2
	80.2
	79.5

	DFFNDDS
	79.9
	80.3
	79.5
	79.5
	80.0
	79.1

	DeepDDS
	79.5
	79.7
	79.1
	79.3
	79.7
	78.2

	HypergraphSynergy
	79.0
	79.3
	79.1
	79.5
	78.9
	79.3

	MatchMaker
	77.0
	77.5
	77.2
	77.6
	77.1
	77.3

	CCSynergy
	75.0
	75.5
	75.2
	75.6
	75.1
	75.4

	DEML
	72.6
	73.0
	72.8
	73.1
	72.7
	73.2



3. Metadata Source and Code Availability
3.1 Metadata source
[bookmark: OLE_LINK19]We employed the Merck dataset and the DrugComb dataset as the benchmark datasets because they are the mainstream public datasets in this field. We obtained the Merck dataset from https://doi.org/10.1158/1535-7163.MCT-15-0843, and the DrugComb dataset (vision 1.5) from https://drugcomb.org/. 
We obtained the AstraZeneca dataset from https://openinnovation.astrazeneca.com, which is the independent test set. Simplified Molecular Input Line Entry System (SMILES) is a linear text symbol used to represent the chemical structure of drug molecules. For each drug, we obtained their SMILES representations from DrugBank (https://go.drugbank.com/) and converted them into molecular graph representations through the RDkit library. 
We obtained a dataset of genetic characterization of cancer cell lines from Cancer Cell Line Encyclopedia (CCLE) (https://sites.broadinstitute.org/ccle). The implemented code of HSSynergy and datasets are available online at https://github.com/Shucong-cloud/HSSynergy.git

