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Abstract 6 

Compared with monotherapy, drug combination therapy has demonstrated more effective and 7 

powerful therapeutic effects in cancer treatment. However, due to the large size of the 8 

combinatorial space, experimental identification of synergistic drug combinations is cost- and 9 

time-consuming, even with high-throughput screens. With the accumulation of various types of 10 

drug informatics data, artificial intelligence techniques have become applicable for the prediction 11 

of synergistic drug combinations, thereby reducing the experimental workload and accelerating 12 

the discovery of combination therapy. Currently, the emerging graph neural network (GNN) has 13 

been applied to drug combination prediction and brings new insight on the discovery of 14 

combination therapy. In this study, we proposed Drug-Target Graph based Recurrent Network 15 

(DTGRN) to predict synergistic drug combinations in various cancer cell lines. Specifically, we 16 

proposed a Graph Recurrent Network-based encoder to learn a low-dimensional representation of 17 

features for each node and then predicted the synergy score of novel drug combinations based on 18 

these representations via a cell line-specific projection matrix. In DTGRN, gating mechanism and 19 

cell-line-level states are employed to ensure each node representation more comprehensively 20 
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absorbs local and global information and potential association information. In the application of 21 

the cell line-specific drug-target heterogeneous graph, DTGRN significantly outperforms the 22 

state-of-the-arts and several classical machine learning algorithms. More prominently, the novel 23 

drug combinations predicted by DTGRN have been validated by computational analysis and in 24 

vitro experiments, confirming the high predictive performance of DTGRN. These drug 25 

combinations could be further evaluated as potential combination therapy strategy. In summary, 26 

these results indicate that DTGRN can serve as a powerful tool for integrating heterogeneous 27 

graph information to predict drug combinations and provide a promising way to discover novel 28 

synergistic drug combination for cancer treatment.  29 

Introduction 30 

In recent decades, a deep understanding of tumor pathogenesis has facilitated the 31 

development of anticancer drugs. However, due to the biological complexity of tumors, they often 32 

develop resistance to monotherapy1-3. To prevent and overcome drug resistance, combination 33 

therapy has been proposed as a promising therapy4-7. Combination therapy has significant 34 

advantages over monotherapy. It may slow down the drug resistance by affecting multiple targets 35 

or pathways, and may reduce the toxicity of drugs due to the lower dosages used in 36 

combination8-10. For many diseases, including cancers, synergistic drug combinations are often 37 

more effective.  38 

High-throughput screening accelerates the identification of novel synergistic drug 39 

combinations11. Relying on these large-scale screening methods, many available drug combination 40 

data have been obtained, and then several databases have been constructed to collect the 41 

combination screening data, such as DrugComb12, SYNERGxDB13, and DCDB14. However, it is 42 
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impractical to screen all the drug combinations because of the large number of potential drug dose 43 

combinations15-17. Thus, computational methods are urgently needed to predict potential 44 

synergistic drug combinations based on available drug combination data.  45 

In the past few years, many computational methods have been developed for drug 46 

combination prediction, including network-based methods18,19, mathematical methods20, stochastic 47 

search algorithms21, and machine learning methods22-27. Especially, with the wide use of deep 48 

learning in many fields of drug discovery, some researchers have developed novel deep learning 49 

methods to predict synergistic drug combinations28-31. The deep learning methods with excellent 50 

prediction performance are mainly based on deep neural networks (DNNs). For instance, Preuer et 51 

al. proposed DeepSynergy28, a feedforward neural network with two hidden layers. Chemical 52 

descriptors were used as feature data of each drug, and gene expression values were used to 53 

represent cancer cell lines. Kuru et al. applied three sub-neural networks to construct 54 

Matchmaker29. The chemical structure features of each drug were concatenated with gene 55 

expression values of the corresponding cancer cell line and input to two subnetworks, respectively. 56 

Then, the representations learned by the two subnetworks were concatenated and input to a third 57 

subnetwork to predict the synergy scores. Both methods had good performance in classification 58 

and regression tasks. However, these methods only use structural and physicochemical 59 

information to represent drugs, while biological information is also necessary for combination 60 

therapy. On the other hand, combination therapy may reduce the drug resistance due to targeting 61 

multiple targets. Thus, the target-related information may be helpful in drug combination 62 

prediction and the use of graph neural network (GNN) technologies to integrate drug-target 63 

heterogeneous graph information is a promising strategy. Jiang et al. proposed a Graph 64 
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Convolutional Network (GCN) model to predict drug synergy in cancers by performing graph 65 

embedding from an integrated drug-target interaction graph31. However, the GCN cannot fully 66 

exploit heterogeneous graph by decomposing the graph into multiple subgraphs, processing them 67 

separately, and then summing the outputs simply. As a result, the potential of the heterogeneous 68 

graph has not been leveraged. In addition, for each kind of edge in heterogeneous graph, a large 69 

number of parameters need to be added to the GCN, which brings difficulties to the training of the 70 

model. Therefore, it is worthwhile to explore a more appropriate GNN technology for drug 71 

combination prediction. 72 

In this study, we proposed a Graph Recurrent Network (GRN) for the prediction of the 73 

synergy effect of drug combinations, namely Drug-Target Graph based Recurrent Network 74 

(DTGRN). DTGRN not only employs molecular fingerprints (MF) and physicochemical features 75 

(PF) of drugs, structural and physicochemical features (SP) of drug targets, but also integrates 76 

topological information from heterogeneous biological graphs. DTGRN employs gating 77 

mechanism to dynamically determine the contribution weights of different types of neighbor 78 

nodes and gate recurrent unit (GRU) for fewer parameters and better efficiency. Furthermore, in 79 

addition to utilizing all node states, DTGRN introduces a cell-line-level state to fully integrate 80 

heterogeneous graph information and learns node representation through continuous iteration. 81 

Through this iterative encoding process, each drug node absorbs rich local and global information. 82 

The final node representations learned by DTGRN are low-dimensional but informative 83 

representations for drugs. Based on the final representations of drug nodes, DTGRN can predict 84 

the synergy scores of drug combinations on a given cancer cell line and find novel synergistic 85 

drug combinations. Validated on a variety of metrics, DTGRN shows significant performance 86 
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improvement compared to state-of-the-art drug combination prediction methods and several 87 

advanced classical machine learning algorithms. We have also showed that adding additional 88 

graphs (drug-target interaction (DTI) graph and protein-protein interaction (PPI) graph) can 89 

improve the prediction performance. Furthermore, computational analysis and in vitro 90 

experiments validated several novel drug combinations predicted by DTGRN.  91 

With excellent prediction performance, DTGRN can serve as a powerful tool for integrating 92 

heterogeneous graph information to predict novel synergistic drug combinations. In general, we 93 

characterize the following contributions of DTGRN: (1) We leveraged the topological features of 94 

the heterogeneous graph and proved that the addition of DTI and PPI can improve the prediction 95 

performance. Moreover, structural and physicochemical features were added as the drug nodes’ 96 

initial embeddings, leading to better performance. (2) To overcome the shortcomings of GCN, we 97 

developed DTGRN, which significantly outperformed the state-of-the-arts. To the best of our 98 

knowledge, our work is the first one to explore GRN for drug combination prediction. In DTGRN, 99 

gating mechanism was employed to dynamically determine the contribution weights of different 100 

types of neighbor nodes, GRU was employed for fewer parameters and better efficiency. 101 

Furthermore, in addition to using all node states, we innovatively deployed a cell-line-level state 102 

to fully integrate heterogeneous graph information. In this way, through an iterative encoding 103 

process, the final embedding representation of the drug can more comprehensively capture rich 104 

local and global information as well as potential association information. (3) The novel drug 105 

combinations predicted by DTGRN have been validated by computational analysis and in vitro 106 

experiments. 107 
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Results 108 

The framework of DTGRN 109 

The framework of this study is depicted in Fig. 1. Firstly, for each cancer cell line, we 110 

constructed three different types of subgraphs: drug-drug similarity (DDS) subgraph, 111 

protein-protein interaction (PPI) subgraph, and drug-target interaction (DTI) subgraph. Then, the 112 

DDS subgraph and PPI subgraph were connected according to DTI to construct a heterogeneous 113 

graph. The drug molecular fingerprints (MF) were concatenated with drug physicochemical 114 

features (PF) and then employed as the initial embeddings of the drug nodes, and the structural 115 

and physicochemical features (SP) of target proteins were used as the initial embeddings of the 116 

target nodes. As a result, we obtained 53 cell line-specific heterogeneous graphs. In the third part, 117 

DTGRN took cell line-specific heterogeneous graphs as input and outputted the updated feature 118 

representation for each node. DTGRN is a kind of graph recurrent network based on a message 119 

passing framework for cell line-specific drug combination prediction. In the message passing 120 

process, the update process of each node involved three key parts: the message was first collected 121 

from its adjacent nodes, and then was used to update the node state by recurrent gating 122 

mechanisms. Meanwhile, a cell-line-level state provided global information for the updates of 123 

each node. Finally, after recurrent state transitions of several iterations, the updated feature 124 

representation of the drug node was regarded as the final embedding representation and used to 125 

predict synergy scores of drug combinations for the corresponding cell line. The details of 126 

DTGRN are elaborated in the Methods section and Fig. 2. The fourth part is aimed at a 127 

comprehensive performance evaluation of DTGRN, using a ROC-like curve, three metrics for 128 

regression performance evaluation, and four metrics for classification performance evaluation. 129 
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The prediction performances for each specific tissue and each individual drug were evaluated, and 130 

the factors affecting model performance were further explored. Finally, novel drug combinations 131 

were identified by DTGRN and evaluated by computational analysis and in vitro experimental 132 

assays. 133 

 134 

 135 
Fig. 1 The framework of this study. a Given a cancer cell line, three different types of subgraphs were constructed. 136 
b DDS subgraph and PPI subgraph were connected according to DTI to construct a heterogeneous graph. Drugs’ 137 
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and targets’ features were employed as the initial embeddings of each node. c DTGRN was trained to predict the 138 
synergy scores of drug combinations. d The ten-fold cross-validation was employed to evaluate the performance of 139 
DTGRN. Prediction performance across cell lines, tissues, and drugs was evaluated. e The computational analysis 140 
and experimental assays were performed to verify the novel predicted drug combinations. 141 

 142 

Fig. 2 DTGRN encoding for the drug-target heterogeneous graph. For the currently updating drug node, the 143 
message is collected from itself, its adjacent nodes, and cell-line-level state, and then is used to update the drug 144 
node state by recurrent gating mechanisms. Meanwhile, the cell-line-level state is updated by using the global 145 
topological features of the whole graph. 146 

Comparison of DTGRN and previous methods 147 

To demonstrate the superiority of DTGRN, we compared the performance of the proposed 148 

model with several classic and state-of-the-art methods, including Graph Convolutional Network32, 149 

Deep Neural Network33, Random Forest34-37, XGBoost38, and SVM39.  150 

The performance of DTGRN was based on 10-fold cross-validation and was evaluated by 151 

three metrics: Pearson correlation coefficient, Spearman rank correlation coefficient, and . Tab. 152 

1 tabulates the mean and standard deviation of all cell lines for different metrics and for different 153 

methods. Furthermore, a ROC-like curve is defined as described in study40 by setting a threshold 154 

Pearson  and plotted fraction ( ). This ROC-like curve simplifies the understanding 155 
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of the fitting for those who are familiar with ROC40. Fig. 3a shows the ROC-like curve of the cut 156 

correlated fraction versus the threshold Pearson .  157 

As shown in Tab. 1, DTGRN achieves the best performance compared to other methods and 158 

the improvements over the second-best method vary from 14% to 22% in these metrics. 159 

Particularly, DTGRN outperforms the state-of-the-art GCN-based method and the state-of-the-art 160 

DNN-based method, Matchmaker. More specifically, DTGRN achieves the highest Pearson 161 

correlation coefficient, 0.81, while the second-best method, GCN, has a Pearson correlation 162 

coefficient of 0.66. Of all the methods, SVM performs worst, yielding the lowest Pearson 163 

correlation coefficient of 0.43. In terms of the  and Spearman rank correlation coefficient, we 164 

observed a similar trend.  165 

Tab. 1 Performance evaluation in three metrics. 166 

Performance 

metrics 

 Pearson  Spearman  R2 

 mean std  mean std  mean std 

DTGRN  0.8118 0.0346  0.7491 0.0435  0.6539 0.0559 

GCN  0.6602 0.0569  0.6008 0.0506  0.4346 0.0743 

MatchMaker  0.4947 0.0786  0.4316 0.0676  0.2483 0.0801 

RandomForest  0.5672 0.0595  0.5355 0.0511  0.3171 0.0697 

XGBoost  0.5298 0.0673  0.4957 0.0586  0.2320 0.0909 

SVM  0.5166 0.0698  0.4918 0.0565  0.2435 0.1015 

 167 

In order to assess the model’s ability to identify synergistic drug combinations, we further 168 

mimicked a binary classification task for evaluation. In this study, the S score was employed to 169 

reflect the strength of the synergistic/antagonistic effect. The density distribution of the S score is 170 

shown in Supplementary Fig. 1. According to the definition, the S scores greater than 0 indicate 171 
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the synergistic effect. However, drug combinations exhibiting a highly synergistic effect are 172 

attractive candidates for clinical studies41. Therefore, in this study, drug combinations with the 173 

actual S score higher than a threshold, , are classified as positive (synergistic drug 174 

combinations), where . The drug combinations with the S score less than  belong 175 

to the negative class (non-synergistic drug combinations). For the classification performance 176 

evaluation, we used four metrics: accuracy (ACC), the area under the receiver operating 177 

characteristic curve (AUC-ROC), the area under the precision-recall curve (AUC-PR), and kappa 178 

score.  179 

As indicated in Fig. 3b and Supplementary Fig. 2, when  varies, DTGRN still outperforms 180 

other approaches in this binary classification task. When  is set to 10, DTGRN, GCN, 181 

Matchmaker, and SVM methods have the optimal performance. This suggests that when the 182 

threshold of the S score is set to 10, the synergistic drug combinations and non-synergistic drug 183 

combinations are relatively easier to distinguish. When  is set to 0, the true positive and true 184 

negative may be mixed by noise. 185 

186 
Fig. 3 Performance evaluation for the regression task and the binary classification task. a The ROC-like curve of 187 
the cut correlated fraction versus the threshold Pearson . b AUC-ROC of all methods in the three thresholds of S 188 
scores. The x-axis denotes three thresholds, and the y-axis denotes the value of AUC-ROC. The bars indicate the 189 
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average of all cell lines’ AUC-ROC and the lines on the bars represent the standard deviation. (Note: *: P 190 
value≤0.05; **: P value≤0.01; ***: P value≤0.001; ****: P value≤0.0001.) 191 

Factors affecting the performance of DTGRN 192 

DTGRN is based on a heterogeneous graph that consists of a DDS subgraph, PPI subgraph, 193 

and DTI subgraph. The performance of the model may be affected by various factors such as 194 

graph structure, initial embeddings of drug nodes, and the threshold used to binarize the DDS 195 

subgraph. Therefore, we analyzed the influencing factors for the model performance. To avoid 196 

excessive time consumption, we selected five cancer cell lines from five different tissues for the 197 

following experiments. 198 

First of all, in order to demonstrate the rationality and importance of the existence of the 199 

graph structure of each part in the heterogeneous graph, we removed the DDS, PPI, and DTI 200 

respectively, and observed the changes in the model performance. The results are shown in Fig. 4a 201 

and Supplementary Fig. 3a. The lack of any graph structure keeps the model from reaching peak 202 

performance. That’s, each subgraph in DTGRN gives its own contribution. 203 

After that, for the DDS subgraph, we analyze the effect of different drug similarity 204 

measurements and initial embeddings of drug nodes on the model performance. In our model, we 205 

constructed DDS based on PF, and used MF and PF as the initial embeddings of the drug nodes. 206 

Two auxiliary models (Tab. 2) were designed and compared with the original one (DTGRN). And 207 

the performance of these three models is shown in Fig. 4b and Supplementary Fig. 3b. In the 208 

auxiliary model DTGRN-1, DDS was constructed based on MF while the initial embeddings of 209 

the drug nodes remained unchanged. No significant difference was observed between the 210 

performances of DTGRN and DTGRN-1. In DTGRN-2, DDS was constructed based on PF and 211 

the initial embeddings of the drug nodes were random initialization vectors. The performance of 212 
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DTGRN-2 was much worse than the performance of DTGRN. According to the performance of 213 

these models, DDS can be constructed based on PF or MF, but MF and PF must be employed as 214 

the initial embeddings of the drug nodes. 215 

Subsequently, the threshold, , used to binarize the DDS subgraph was tested. Here,  was 216 

set to ensure that 5%, 10%, and 20% of all the drug nodes were connected to the current node, 217 

respectively. When  and , there was no significant difference in the 218 

performance. When , the performance degradation was observed (Fig. 4c and 219 

Supplementary Fig. 3c). Here, we set  in DTGRN.  220 

 221 
Fig. 4 Factors affecting the performance of DTGRN. a Pearson correlation coefficient comparison before and after 222 
the DDS, PPI, and DTI mask in five different cell lines. b Pearson correlation coefficient of DTGRN and other two 223 
auxiliary models. c Pearson correlation coefficient of DTGRN in which the threshold, , used to binarize the DDS 224 
subgraph was set to 0.05, 0.1 and 0.2. 225 

Tab. 2 The configurations of auxiliary models 226 

Abbreviation Characteristics 

DTGRN 
DDS based on PF; Initial embeddings of the drug nodes: MF 

and PF 

DTGRN-1 
DDS based on MF; Initial embeddings of the drug nodes: MF 

and PF 

DTGRN-2 
DDS based on PF; Initial embeddings of the drug nodes: 

random initialization vector 



13 
 

Cell line-specific drug combination prediction 227 

To investigate the model performance across cell lines, we calculated the prediction 228 

performance metrics for 53 cell lines.  229 

As shown in Supplementary Fig. 4, the Pearson correlation coefficient for the analyzed cell 230 

lines ranges from 0.72 to 0.88 (using the 10-fold cross-validation method) with the mean of 0.81, 231 

and the Spearman rank correlation coefficient ranges from 0.62 to 0.85 with the mean of 0.75. 232 

Most cell line-specific DTGRN models performed consistently in terms of Pearson correlation 233 

coefficient and Spearman rank correlation coefficient. For all cell lines, the Pearson correlation 234 

coefficient was above 0.7, for 46 out of the 53 cell lines, the Spearman rank correlation coefficient 235 

was above 0.7, indicating that DTGRN achieved good prediction performance for most of the cell 236 

lines. The frequency distribution of the Pearson correlation coefficient and Spearman rank 237 

correlation coefficient is shown in Supplementary Fig. 5. We further examined whether the cell 238 

lines’ predictive performance correlated with the number of drug-drug pairs for training. The 239 

result shows that there is no correlation (Supplementary Fig. 6). 240 

Prediction performance across tissues and drugs 241 

To explore the varied performance, we further evaluated the prediction performance for each 242 

specific tissue and each individual drug, respectively.  243 

In the nine tissues consisting of 53 cell lines, the median of the Pearson correlation 244 

coefficients was 0.81 for breast, 0.80 for central nervous system, 0.81 for haematopoietic and 245 

lymphoid tissue, 0.82 for kidney, 0.82 for large intestine, 0.83 for lung, 0.80 for ovary, 0.79 for 246 

prostate, and 0.81 for skin (Fig. 5a). DTGRN achieved a high Pearson correlation coefficient with 247 

a small variance in lung (median, 0.83) and kidney (median, 0.82). In tissue-wise aspects, the 248 
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performance of DTGRN didn’t vary intensely. This suggests that DTGRN which can be 249 

introduced to different tissues has generalization power. 250 

In drug-wise aspects, DTGRN achieved good prediction performance (Pearson correlation 251 

coefficient was larger than 0.8) for more than 85% of drugs (Fig. 5b). For each individual drug, 252 

the Pearson correlation coefficient was averaged across all cell lines and existing drug 253 

combinations32.  254 

Drugs with high Pearson correlation coefficients are more reliable in drug combination 255 

therapy. For example, Etoposide, used for treatment of various types of cancers, including 256 

refractory testicular tumors, small cell lung cancer, ovarian cancer, glioblastoma multiforme, 257 

lymphoma, and non-lymphocytic leukemia, has the highest Pearson correlation coefficient. 258 

According to previous studies, Etoposide is often used in combination with a variety of drugs. For 259 

example, the combination of Etoposide and Cisplatin is highly effective and well-tolerated in 260 

advanced thymoma42, the combination of Etoposide, Bleomycin, and Cisplatin is used in first-line 261 

treatment for patients with disseminated germ cell cancer43,44, the combination of Etoposide and 262 

Temozolomide is a feasible candidate for the treatment of relapsed osteosarcoma45, the 263 

combination of Etoposide and Bevacizumab is safe and clinically active in a selected group of 264 

patients with malignant gliomas46, and Etoposide combined with FLAG salvage therapy is 265 

effective in multiple acute myeloid leukemia47. 266 

We further examined whether the difference in the drugs’ predictive performance arises from 267 

(1) the different numbers of training data points, (2) the structural complexity of a drug (number 268 

of activated bits), and (3) the specificity of a drug, which is quantified by the standard deviation of 269 

the observed drug synergy scores across all drugs and cell lines. (Fig. 5c-e). (1) and (2) did not 270 
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show a clear association with performance. But we did find that drug performance strongly 271 

correlated with (3). This suggests that drugs possessing a larger range of synergy scores with 272 

different drugs on different cell lines (drugs with high specificity) tend to be more predictable. 273 

 274 
Fig. 5 a The Pearson correlation coefficient of DTGRN for different tissue types. b The Pearson correlation 275 
coefficient of DTGRN for different drugs. The bars indicate the average Pearson correlation coefficient across all 276 
cell lines and drug combinations. The lines on bars represent the standard deviation across all cell lines. c 277 
Scatterplot comparing the individual drugs’ performance to the number of training data points. d Scatterplot 278 
comparing the individual drugs’ performance to the structural complexity of the drug (number of activated bits). e 279 
Scatterplot comparing the individual drugs’ performance to the standard deviation of the observed data points 280 
across all drugs and cell lines. 281 

Identification of novel drug combinations 282 

Next, we analyzed the novel drug combinations predicted by DTGRN, which are not 283 

included in the training data set. First of all, for each of the 53 cell lines, we selected the drug 284 

combination with the highest predicted S score for further validation, and a total of 53 drug 285 
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combinations (top 1 in each cell line) were obtained. Then, the drug combinations with S scores 286 

less than 20 were removed. The remaining cell line-specific top 1 predictions are listed in 287 

Supplementary Tab. 1. To further examine the reliability of these top predicted drug combinations, 288 

an in-depth literature survey was performed, and 14 of 30 drug combinations have been reported 289 

to show synergistic effects. For example, combination therapy of paclitaxel and sorafenib 290 

enhances the efficiency compared to monotherapy according to the studies48-51. Vemurafenib 291 

combined with sorafenib was well-tolerated with encouraging activity in the clinical study52.  292 

After that, we performed both computational analysis and in vitro experimental assays to 293 

validate the novel predicted top 10 drug combinations in the HT-29, HCT116, and NCI-H23 cell 294 

lines. In this section, we focus on the computational analysis results and will provide the in vitro 295 

experimental results in the next section “In vitro experimental validation”.  296 

We applied a network-based method to quantitatively measure the topological associations 297 

between the novel predicted drug combinations and the disease-related genes in the PPI network. 298 

In the study by Cheng et al.53, they found that a drug combination had therapeutically synergistic 299 

effects only if it was captured by the “Complementary Exposure” pattern, that is, the targets of the 300 

drugs both hit the disease module, but target separate neighborhoods (Supplementary Fig. 7). 301 

Relying on approved drug combinations for hypertension and cancer, they verified the 302 

effectiveness of the method53. In addition, the predictability of considering the topological 303 

relations between drugs and disease-related genes in the PPI network was validated in some 304 

related works53-55.   305 

In this study, we employed the colon adenocarcinoma (COAD)-specific disease module 306 

identified by GPSnet56 (see methods) as the specific genes related to HT-29 and HCT116 cell lines 307 
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(two colon adenocarcinoma cell lines) in the PPI network, and lung adenocarcinoma 308 

(LUAD)-specific disease module identified by GPSnet as the specific genes related to NCI-H23 309 

cell line (a lung adenocarcinoma cell line) in the PPI network.  310 

Supplementary Tab. 2 lists the topological associations of the top 10 drug combinations in 311 

HT-29, HCT116, and NCI-H23 cell lines. Of the top 10 drug pairs in HT-29 (with a high S score), 312 

except for one pair of drugs in which drug MRK-003 has no specific target gene, eight of the 313 

remaining nine pairs were found to have a “Complementary Exposure” relationship to the 314 

COAD-specific disease module (The ratio are 1/1 and 6/7 in HCT116 and NCI-H23 cell lines, 315 

respectively). We showcased a drug combination in HT-29 (Niraparib & Romidepsin) in Fig. 6.  316 

Niraparib is a poly-ADP ribose polymerase inhibitor (PARPi) used as an anti-cancer 317 

medication. Inhibitors of nuclear PARPs are efficient therapeutics for several different types of 318 

cancers57. Unfortunately, a number of patients develop resistance to PARPi after long-term 319 

administration58. The combination of PARPi and histone deacetylase inhibitors (HDACi) is a 320 

promising strategy and has been proved to sensitize PARPi-resistant cells to treatment59-64.  321 

Furthermore, the combination of Niraparib and HDACi Romidepsin has been proved to have 322 

synergistic effects in a previous study65. The topological association in Fig. 6 may provide 323 

important hints for understanding the underlying mechanisms of this synergistic effect. 324 

Romidepsin is a natural cyclic peptide HDAC inhibitor. Inhibition of HDAC affects the 325 

acetylation status and function of multiple non-histone proteins. It has been reported that MAPK1 326 

(a member of the MAPK pathway) activities can be inhibited through HDAC inhibition66. 327 

Persistent activity of MAPK is related to PARPi resistance67,68. Therefore, the modification of 328 

MAPK by Romidepsin may be the reason why the combination of Niraparib and Romidepsin 329 
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enhances the efficacy of Niraparib.  330 

 331 
Fig. 6 The inferred mode-of-action for the combination of Erlotinib and Romidepsin. The drug combination fits the 332 
“Complementary Exposure” pattern and may have synergistic effect.  and  represent the network 333 
proximity between disease-related gene module and targets (of drug A and B, respectively).  represents the 334 
proximity between modules of drug A and drug B. 335 

In vitro experimental validation 336 

To further validate the ability of DTGRN to predict novel synergistic drug combinations, we 337 

performed CCK-8 assay to examine the effects of drug combinations on cancer cell viability. 338 

Based on the prediction results, the top 10 drug combinations in each of the three cancer cell lines 339 

(HT-29, HCT116, and NCI-H23) with high predicted synergy scores were selected for the in vitro 340 

experimental validation. Based on the dose-response values obtained by the CCK-8 assay, the 341 

Combination Index (CI) of each drug combination was calculated by CompuSyn69. Except for the 342 

drugs that cannot be bought, a total of 25 possible drug combinations were used in the in vitro 343 

experiment validation, of which 14 drug combinations were observed to have synergistic potential 344 

(Tab.3, Fig. 7 and Supplementary Fig. 8-10). Fig. 7 demonstrates the most synergistic drug 345 
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combination of each cell line in the in vitro experimental validation. 346 

Tab. 3 In vitro experimental validation of 25 possible drug combinations in HT-29, HCT116 and 347 

NCI-H23 cell lines. 348 

Cell line Drug A Drug B Drug combinations 

validated by in vitro 

experiments 

HT-29 Erlotinib Gefitinib  

HT-29 Niraparib Gefitinib √ 

HT-29 Erlotinib Docetaxel  

HT-29 Erlotinib Teniposide √ 

HT-29 Erlotinib Romidepsin  

HT-29 Adavosertib Gefitinib  

HT-29 Dexamethasone Gefitinib √ 

HT-29 Niraparib Romidepsin √ 

HT-29 Veliparib Romidepsin √ 

HCT116 Dactolisib Plicamycin  

HCT116 Adavosertib Plicamycin √ 

HCT116 Erlotinib Plicamycin  

HCT116 Niraparib Plicamycin √ 

HCT116 Mirdametinib Plicamycin √ 

HCT116 Vinblastine Plicamycin √ 

HCT116 Erlotinib Romidepsin  

HCT116 Veliparib Plicamycin  

NCI-H23 Vinorelbine Ifosfamide √ 

NCI-H23 Vinorelbine Retinoic Acid √ 

NCI-H23 Vinorelbine Erlotinib 

Hydrochloride 

 

NCI-H23 Erlotinib Mitoxantrone √ 

NCI-H23 Erlotinib Teniposide √ 

NCI-H23 Vinorelbine Celecoxib √ 

NCI-H23 Vinorelbine Nilotinib  

NCI-H23 Erlotinib Ixabepilone  
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 349 

Fig. 7 The experimental results of the most synergistic drug combinations in three cell lines. a Effect-CI plot of the 350 
combination of Niraparib and Romidepsin on HT-29 cell line. b Effect-CI plot of the combination of Plicamycin 351 
and Adavosertib on HCT116 cell line. c Effect-CI plot of the combination of Erlotinib and Mitoxantrone on 352 
NCI-H23 cell line. 353 

In the HT-29 cell line, a canonical colorectal cancer cell line, five out of nine drug 354 

combinations (Niraparib & Gefitinib, Teniposide & Erlotinib, Romidepsin & Niraparib, 355 

Romidepsin & Veliparib, Dexamethasone & Gefitinib) were proved to have the potential of 356 

synergistic effect. We analyzed the possible action mechanisms of these drug combinations. For 357 

the drugs in these combinations, Niraparib, Erlotinib, and Gefitinib are indazole-based anticancer 358 

agents, which have been applied in the treatment of lung and colon cancers70. It has been reported 359 

that epidermal growth factor receptor inhibitor (EGFRi) treatment can promote the sensitivity of 360 

peroxisome proliferator-activated receptor inhibitor (PARPi) and increase apoptosis levels in lung 361 

cancer71. The combination of PARPi Niraparib and EGFRi Gefitinib might inhibit cell 362 

proliferation by regulating DNA repair72 and EGFR/PI3K/AKT/mTOR pathway (Supplementary 363 

Fig. 8a). Teniposide, a chemotherapy medication for cancer, medicates topoisomerase73 to inhibit 364 

cell cycle74 and then suppresses cell proliferation. Teniposide combined with EGFRi Erlotinib 365 

suppresses cell proliferation via decreasing cell proliferation and increasing apoptosis75 in the 366 

HT-29 cell line (Supplementary Fig. 8b). Wiegmans et al. found that histone deacetylase inhibitor 367 

(HDACi) combined with PARPi is a novel strategy against cancer76. Due to the HDACi 368 

Romidepsin induced apoptosis through the generation of hydrogen peroxide77, the combination of 369 
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Romidepsin and PARP inhibitors Niraparib or Veliparib might increase cell apoptosis in HT-29 370 

cell line78 (Fig. 7a and Supplementary Fig. 8c). As an anti-proliferative and anti-inflammatory 371 

drug, Dexamethasone involves in apoptosis and growth inhibition in colorectal cancer cell line79. 372 

Chemotherapy with Dexamethasone and Gefitinib might enhance chemosensitivity in colorectal 373 

cancer via affecting inflammatory and cell apoptosis75 (Supplementary Fig. 8d). 374 

For another colorectal cancer cell line HCT116, the in vitro experiments confirmed that four 375 

out of eight synergistic combinations (Plicamycin & Adavosertib, Plicamycin & Niraparib, 376 

Plicamycin & Mirdametinib, Plicamycin & Vinblastine) have the potential of synergistic effect. 377 

Plicamycin can decrease the expression of transcription factor specificity protein1 (Sp1), which is 378 

involved in the cell cycle, apoptosis, and DNA damage, resulting in a treatment for colorectal 379 

cancer80,81. Inhibition of WEE1 G2 checkpoint kinase (WEE1) which can repair the DNA damage 380 

is another attractive treatment strategy for colorectal cancer82,83. By promoting DNA damage, the 381 

WEE1 inhibitor Adavosertib may combine with Plicamycin to benefit colorectal cancer 382 

treatment82 (Fig. 7b). Niraparib, a DNA repair inhibitor, can combine with Plicamycin to augment 383 

DNA damage, resulting in cell apoptosis (Supplementary Fig. 9a). Mirdametinib can inhibit the 384 

activity of MEK1 to decrease ERK2 phosphorylation and activation, thereby decreasing tumor cell 385 

proliferation84. Therefore, the combination of Mirdametinib and Plicamycin85 effects the HCT116 386 

cell line via inhibiting cell proliferation and promoting cell apoptosis (Supplementary Fig. 9b). As 387 

a successful anti-tumor drug, Vinblastine is a microtubule-targeting vinca alkaloids that has used 388 

in many chemotherapies. The combined therapeutic effects of Vinblastine and Plicamycin in the 389 

HCT116 cell line are associated with a deregulation of the cell cycle86,87 (Supplementary Fig. 9c). 390 

In the NCI-H23 cell line, five out of eight drug combinations (Vinorelbine & Celecoxib, 391 
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Vinorelbine & Ifosfamide, Vinorelbine & Retinoic acid, Erlotinib & Mitoxantrone, Erlotinib & 392 

Teniposide) were evaluated to have synergistic effects. Vinorelbine, a semisynthetic vinca alkaloid, 393 

could bind to tubulin to block mitotic progression88, which represented a well-tolerated treatment 394 

strategy for lung cancer89. Cyclooxygenase 2 (COX-2) inhibitor Celecoxib regulates extrinsic 395 

death receptor pathway to induce the apoptosis of lung cancer cell line90. Similar to our 396 

experimental result, clinical data has proved that the combination of Vinorelbine and Celecoxib 397 

may benefit lung cancer treatment91 via accelerating apoptosis (Supplementary Fig. 10a). 398 

Ifosfamide is an alkylating agent used in lung cancer treatment92 by inhibiting DNA synthesis to 399 

induce cell death. Also, the combination of Vinorelbine and Ifosfamide has been demonstrated to 400 

have a synergistic effect on the NCI-H23 cell line and has been used in lung cancer treatment93,94 401 

(Supplementary Fig. 10b). Retinoic acid, serving as a key role in cell proliferation95,96 through 402 

inhibiting of cyclin D1 (CCND1), human telomerase reverse transcriptase (hTERT), epidermal 403 

growth factor receptor (EGFR) and vascular endothelial growth factor (VEGF), is regarded as a 404 

chemo-preventive agent for bronchogenic carcinoma. Recent studies have demonstrated that the 405 

combination of Retinoic acid and the drugs for lung cancer treatment could decrease resistance 406 

and enhance therapeutic efficacy97,98. Therefore, the synergistic effects of Retinoic acid and 407 

Vinorelbine in the NCI-H23 cell line might be associated with reduced resistance (Supplementary 408 

Fig. 10c). Erlotinib is an EGFR inhibitor to promote DNA damage and Mitoxantrone can also 409 

induce DNA damage through binding topoisomerase II and DNA in lung cancer cell line99. 410 

Because of the acceleration of DNA damage in NCI-H23 cell, the combination of Erlotinib and 411 

Mitoxantrone showed a synergistic effect (Fig. 7c). In addition, the combination of Erlotinib and 412 

Teniposide that was synergistic on the HT-29 cell line in our experiment was also detected a 413 
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synergistic effect on the NCI-H23 cell line. Combination therapy with Erlotinib and Teniposide 414 

might show synergistic effect on the NCI-H23 by decreasing cell proliferation and increasing 415 

apoptosis (Supplementary Fig. 10d). 416 

In summary, the experimental results of the CCK-8 assays indicated that these drug 417 

combinations could be further evaluated as potential combination therapy strategy. These 418 

evidences also suggest strong support for the prediction of novel drug combinations by DTGRN, 419 

and the potential of DTGRN to identify novel combinations deserves further exploration. 420 

Conclusion and Discussion  421 

The challenge in heterogeneous graph integration arises mainly from the heterogeneity and 422 

complexity of data. In the field of drug combination prediction, drug-related graph integration is 423 

also faced with the difficulty, and the great potential of GNN has not been fully exploited. The 424 

existing GCN-based model faces the drawback that it is unable to fully exploit heterogeneous 425 

graph by decomposing the graph into multiple subgraphs and processing them separately. In 426 

addition, for each kind of edge in heterogeneous graph, a large number of parameters need to be 427 

added to the GCN, which brings difficulties to the training of the model. Thus, it is worthy of 428 

exploring a more appropriate GNN for drug combination prediction. In this paper, we proposed 429 

DTGRN, a novel GRN method for predicting the synergy scores of drug combinations from 430 

heterogeneous data sources. DTGRN characterizes the topology of heterogeneous graph 431 

consisting of three subgraphs: DDS subgraph, PPI subgraph, and DTI subgraph. By integrating the 432 

initial embeddings as well as global and local topological features, DTGRN obtains the drug 433 

nodes’ final representations used for drug combination prediction. We have demonstrated that 434 

DTGRN outperforms both state-of-the-art deep learning model and GCN-based model (Tab. 1). In 435 
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addtion, the computational analysis and in vitro experiments showed that DTGRN can identify 436 

effective synergistic drug combinations by capturing the topological features of the heterogeneous 437 

graph. 438 

In this study, we used the topological features of DDS, as well as leveraged the topological 439 

features of DTI and PPI. The synergistic effect between drugs is not only related to drugs’ features 440 

but also closely related to the features of their targets. Previous studies have shown that adding 441 

drug targets’ information can enhance the performance of models32,53,55. According to the 442 

experimental results, the addition of DTI and PPI can improve the prediction performance of 443 

DTGRN, which fully demonstrates the effectiveness of drug targets’ information for drug 444 

combination prediction (Fig. 4a and Supplementary Fig. 3a).  445 

In DTGRN, MF and PF are used as the initial embeddings of the drug nodes. Most studies 446 

have applied the structural and physicochemical characteristics as the primary features of drugs. 447 

When this type of feature is removed from DTGRN, the performance of the model decreases (Fig. 448 

4b and Supplementary Fig. 3b). In addition to the structural and physicochemical characteristics, 449 

the cell line-specific drug-induced gene expression profiles are also important features for model 450 

training. However, if this type of feature is incorporated into DTGRN, the scale of the dataset will 451 

be limited by the available gene expression profiles. In the future, with the accumulation of 452 

drug-induced gene expression profiles, we expect that this information will be incorporated into 453 

DTGRN and that the performance will be improved accordingly. Moreover, the growth of other 454 

drug informatics data such as drug-disease relationships, drug-drug interactions, symptoms, and 455 

drug side effects can be further exploited to enhance the model.   456 

Next, both computational analysis and in vitro experimental validation were performed on 457 
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the novel predicted drug combinations, and the results preliminarily proved the predictive 458 

performance of DTGRN. The computational analysis can also provide important hints for 459 

understanding the underlying mechanisms of drug synergistic effect. Furthermore, 14 novel drug 460 

combinations predicted by DTGRN were validated by in vitro experiments and can be further 461 

evaluated as potential combination therapy strategies.   462 

Although DTGRN shows excellent prediction performance, this study is faced with some 463 

limitations. One limitation is that there are some noises and incompleteness in DTI and PPI. With 464 

the completion of DTI and PPI in the future, a complete graph will be constructed and the 465 

performance of DTGRN will be further improved. Another limitation is that drug pairs with high 466 

synergy scores are not necessarily clinically effective drug combinations. The toxicities or side 467 

effects of drug combination therapy, the effects of drug combinations on absorption, distribution, 468 

metabolism, excretion (ADME), and the optimal dose range are also important factors affecting 469 

the clinical application of drug combinations. In future research, these factors should be 470 

incorporated and further explored.  471 

In summary, DTGRN, a GRN-based model that utilizes heterogeneous graph information, 472 

confirms its capability to serve as a general model for the identification of effective synergistic 473 

drug combinations. The results showed that DTGRN outperforms the state-of-the-art drug 474 

combination prediction methods and several advanced classical machine learning methods. By 475 

effectively integrating the initial biological features as well as global and local topological features, 476 

DTGRN can discover novel drug combinations. Impressively, several novel drug combinations 477 

with high predicted scores have been validated to be effective by computational analysis and in 478 

vitro experiments. While it is used to predict drug combinations, DTGRN is generalizable and 479 
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scalable for the integration of heterogeneous data sources and can be applied to predict other types 480 

of relationships such as drug-target interactions and drug-drug interactions. Overall, by narrowing 481 

the search space of drug combinations, DTGRN can be a valuable approach for the discovery of 482 

novel synergistic drug combinations. 483 

Methods 484 

Drug combination data set 485 

We collect drug combination data from DrugComb (v1.4), an integrative cancer drug 486 

combination data portal100. In this open-access data portal, the results of drug combination 487 

screening studies (O’Neil et al. Study101, NCI-ALMANAC102, Forcina103 and Cloud datasets104) 488 

are accumulated, standardized and harmonized. DrugComb contains 466,033 combinations for 489 

4,101 drugs tested in 112 cell lines. It also provides 5 types of synergy scores for these 490 

combinations, including Bliss independence (Bliss)105, Highest single agent (HSA)106, Loewe 491 

additivity (Loewe)107, Zero interaction potency (ZIP)108, and a novel measure called S score.  492 

To ensure the quantity and quality of training data in each cell line, we remove the cell lines 493 

that contained less than 5,000 drug pairs or less than 10% drug pairs with S scores greater than 494 

zero. We then obtain 335,692 drug combination experiments across 53 cell lines. For some drug 495 

pairs, there are more than one replicate experiments reporting synergy scores. Therefore, in this 496 

study, synergy scores in replicate experiments are averaged to get a unique value for each drug 497 

combination in each cell line. Finally, we obtain 33,014 drug combinations across 53 cell lines. 498 

Synergy score 499 

In this study, the S score is used as the quantitative measurement of the synergistic effect of 500 

drug combinations, which is introduced along with the DrugComb database100,109. The S score is 501 
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developed based on the differences between the dose-response curves of a drug combination and 502 

its single drug in cross-design experiments. According to the criteria of all the four existing 503 

synergy scoring models (HSA, Bliss, Loewe and ZIP), Malyutina et al. proved that the S score can 504 

predict the most synergistic and antagonistic drug combinations with high accuracy 505 

(AUC-ROC>0.99)109. According to the definition of the S score, an S score greater than 0 or less 506 

than 0 indicates the synergistic effect or antagonistic effect, respectively. And the greater the S 507 

score, the stronger the synergistic effect.  508 

Drug-target interaction 509 

The drug-target interaction data is extracted from the DrugBank database, a bioinformatics 510 

resource with detailed drug data and complete drug target interaction data110. We obtain a total of 511 

8,083,600 interactions between 500,000 drugs and 8,900 target proteins.  512 

Protein-protein interaction 513 

We use the comprehensive human PPI network generated by Menche et al.111, which is 514 

integrated from seven sources of protein interactions. The PPI network contains a total of 13,460 515 

proteins that are interconnected by 141,296 interactions. 516 

Drug molecular fingerprint and similarity measurement 517 

For each drug , we first extract the chemical structure data in the SDF format from the 518 

PubChem Compound database112, which contains more than 92 million unique structures of 519 

compounds. 520 

Then we use the R package “ChemmineR” to encode each drug into an 881-dimensional 521 

chemical substructure vector defined in PubChem113. That is, each drug  is represented by a 522 

binary fingerprint  in which each bit indicates the presence of a predefined chemical 523 
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structure fragment.  524 

The pairwise chemical similarity between two drugs  and  is calculated as the 525 

Tanimoto coefficient of their fingerprints: 526 

  (1) 

where  and  are the counts of structure fragments for drug  and , 527 

respectively, and  represents the number of the structure fragments shared by the 528 

two drugs. 529 

Drug physicochemical feature and similarity measurement 530 

The physicochemical properties represent the physical and chemical properties of drugs. 531 

These properties of drugs play an important role in the discovery of potential drug candidates 532 

114-116.  533 

In this study, we extract each drug’s 102 physicochemical (i.e., polar surface area, molar 534 

refractivity, and molecular weight) descriptors, which are quantitated based on the Pybel117, 535 

JOELib2118, and ChemmineR chemoinformatics tools113. We calculate similarity based on 536 

physicochemical feature between drugs  and  as the cosine similarity of the descriptors: 537 

 
 (2) 

where  and are 102-dimensional feature vectors of drugs  and , respectively, and 538 

 and  represent the norms of feature vectors of drugs  and , respectively. 539 

Structural and physicochemical features of drug target 540 

Protein sequence-derived structural and physicochemical features are very helpful for 541 

distinguishing proteins of different functional properties and have been frequently used for 542 

analyzing and predicting various profiles of proteins119. In this study, we first extract protein 543 
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sequence data from the UniProt database, which provides high-quality and freely accessible 544 

protein sequence data120. Next, the protein features are generated by using PROFEAT, a web 545 

server for computing the structural and physicochemical descriptors of proteins from amino acid 546 

sequence119,121-123. The computed features include 1437 descriptors such as amino acid 547 

composition, Moran autocorrelation, Hydrophobicity, etc.  548 

Cell line-specific heterogeneous graph construction 549 

For each cell line, a heterogeneous graph is constructed based on three types of subgraphs: 550 

DDS subgraph, DTI subgraph, and PPI subgraph. First, we binarize the DDS subgraph using a 551 

synergy score  as the threshold for each cell line. Then, the drug-target associations are added to 552 

the graph through the mapping of DTI. Finally, the PPI subgraph is mapped into the drug-target 553 

heterogeneous graph. As a result, a total of 53 cell line-specific heterogeneous graphs are 554 

established. For the target protein nodes in the heterogeneous graphs, structural and 555 

physicochemical features of proteins are used as the initial embeddings. For the drug nodes in the 556 

heterogeneous graphs, molecular fingerprints and physicochemical features are used as the initial 557 

embeddings.  558 

Workflow of DTGRN 559 

According to the characteristics of data sets, we designe a GRN for drug combination 560 

prediction. Essentially, GRN is a type of GNN based on a message-passing framework, where 561 

node states are updated iteratively by recurrent gating mechanisms such as LSTM and 562 

GRU. Generally, at each message passing step, the update process of each node involves two 563 

sub-steps. First, the message is collected from its adjacent nodes. Second, it is used to update the 564 

node state by recurrent gating mechanisms. 565 
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 Fig. 2 shows the message passing procedures of the DTGRN. In addition to node states in the 566 

graph, we introduce a cell-line-level state , which collects global information for the updates of 567 

other nodes. Particularly, for different types of nodes, we apply separate encoding parameters and 568 

gating operations to model their state transition processes. 569 

 Concretely, at the t-th step, we update the state of the node using the weighted sum of the 570 

message from its neighboring heterogeneous node states and isomorphic node states. Formally, for 571 

the state update of the drug node  at step , the message from its neighboring drug nodes states 572 

(such as ) and target nodes states (such as ) are collected as follows: 573 

  

 
(3) 

where  and  are neighboring drug and target nodes of , respectively. The 574 

weights  and  are calculated according to their edge types and associated node states, 575 

both of which are fed into a single-layer neural network with a sigmoid activation function. Then, 576 

we update the drug state  by using  ,  and the cell-line-level state  in the 577 

following way: 578 

  

 

 

 

 

(4) 

where  is the initial embedding of drug node ,  and  ( ) denote trainable 579 

parameters. Similarly, the target state  is updated based on , its initial embedding , 580 
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its connected drug nodes and target nodes, and the cell-line-level state . 581 

 Finally, we update the state of the cell-line-level node  with the message from all drug 582 

nodes and target nodes: 583 

 
 

 

 

 

 

 

(5) 

where  ( ) and  ( ) denote trainable parameters, 584 

and ,  are the numbers of drug nodes and target nodes, respectively. 585 

 The above recurrent state transitions process is iterated T times. Afterwards, the final drug 586 

states  can be obtained, which is used to predict the synergy scores. Through this process, 587 

each drug node absorbs rich local and global information and captures potential associated 588 

information. 589 

Finally, the synergy score  between drug nodes  and  is calculated from the final 590 

drug node embeddings via the following bilinear form:591 

  (6) 

where  stands for a cell line-specific projection matrix.  592 

Network-based model for drug combinations 593 

Network-based computational analysis is performed to measure the topological associations 594 
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between drug combinations and disease-related genes in the PPI network.  595 

The network-based proximity between a drug module and a disease module is defined as 596 

follows: 597 

 
 (7) 

where  represents the set of genes related to a specific disease, and  represents the set of drug 598 

targets.  and  are the size of the disease-related gene set and the drug target set, 599 

respectively, and  is the shortest distance between gene  and  in the PPI network. 600 

To assess the significance of the association, Z-score is defined based on permutation tests: 601 

  (8) 

where  and  are the mean and standard deviation of a reference distance distribution, which 602 

is generated by the permutation test repeated 1000 times. In each permutation test, two randomly 603 

selected gene lists with similar degree distributions to those of  and  are utilized to calculate 604 

the distance54. 605 

However, the Z-score is not suitable for measuring the proximity between two drug 606 

modules53. Therefore, a “separation” measure is defined: 607 

  (9) 

where  and  are the average shortest path length within the drug-target 608 

module  and drug-target module , respectively.  is the average shortest path length 609 

between drug-target module  and drug-target module  (Calculate according to Eq. 3). For 610 

, the targets of the two drugs are topologically separated. 611 

Specific genes related to cancer cell lines 612 

HT-29 and HCT116 cell lines are colon adenocarcinoma cell lines. Thus, the specific genes 613 
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related to HT-29 and HCT116 cell lines are represented by the COAD-specific disease module 614 

identified by GPSnet56. Similarly, the specific genes related to NCI-H23 are represented by the 615 

LUAD-specific disease module identified by GPSnet. Genome-wide Positioning Systems network 616 

(GPSnet) is a novel network-based disease module identification and in silico drug repurposing 617 

methodology56. Via GPSnet, we identify the COAD-specific disease modules with 168 genes and 618 

LUAD-specific disease modules with 141 genes by integrating whole-exome sequencing and 619 

transcriptome profiling into the human protein–protein interactome. 620 

Comparison algorithms and evaluation metrics 621 

To demonstrate the superiority of DTGRN, we compare the performance of DTGRN with 622 

some classic and state-of-the-art baselines. The compared methods include GCN, DNN, Random 623 

Forest, SVM, and XGBoost. The GCN-based model is a state-of-the-art GNN model for drug 624 

combination prediction32. The Matchmaker is a state-of-the-art deep learning method for drug 625 

combination prediction based on DNNs33. And the three advanced classical machine learning 626 

algorithms have also shown excellent performance in drug combination prediction34-39. 627 

Random Forest, XGBoost, and SVM are implemented in scikit-learn or other python 628 

modules with default settings124-127. The parameters of GCN and Matchmaker follow the 629 

configurations proposed in the papers28,32,33,128. The hyperparameters of DTGRN are listed in 630 

Supplementary Tab. 3.  631 

All algorithms are validated on the data set using 10-fold cross-validation. We employ the 632 

Pearson correlation coefficient, Spearman rank correlation coefficient, and  score as the 633 

regression metrics, and reported the mean and the standard deviation. Pearson correlation 634 

coefficient and Spearman rank correlation coefficient are widely used to measure the correlation 635 
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between the ground-truth labels and predictions (Eq. 10 and Eq. 11).  indicates the extent to 636 

which the predictions of models outperform the average value (Eq. 12). Here is the average of 637 

,  are the rank variables of Y and y. respectively.  is the 638 

covariance of the rank variables, and  and  are the standard deviations of the rank 639 

variables. 640 

 
 (10) 

 (11) 

 
(12) 

   

Cell lines and cell culture 641 

HT-29/HCT116/NCI-H23 cell lines used in this study are obtained from Procell Life Science 642 

& Technology. All cell lines are validated by STR profiling performed by Cell Line Authentication 643 

Service at ATCC. Cells are cultured in DMEM medium (#12440053, Gibco) or McCoy’s 5A 644 

medium (PM150710, ProCell) or RPMI1640 (#SH30809, Hyclone) supplemented with 10% FBS 645 

(#10500064, Gibco) and penicillin–streptomycinx (#15070063, Gibco) at 37°C and 5% CO2 in a 646 

humidified incubator. 647 

Compounds 648 

All drugs are solubilized in DMSO and stored at − 20 °C. The list of drugs in this study is 649 

shown in Supplementary Tab. 4. 650 

Drug combination screening 651 

To evaluate the drug combination in three cell lines, a Cell Counting Kit-8 (CCK8) assay 652 

(Sigma, M5655) is performed. The drug combination testing experimental design is adopted from 653 
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Christian et al.69. The concentration of drugs is set to 10 different values in the combination 654 

testing experimental design (Supplementary Tab. 4). Cells are seeded in 96-well plates (Nest, 655 

701001) at 4000 cells/well densities and cultured at the indicated concentrations with either the 656 

solvent DMSO, drug combinations for 72 h. After 72 h of incubation, 10μl per well of CCK8 657 

reagent is added to the plates, followed by 4 h of incubation. The luminesce of optical density 658 

value (OD) is detected using an Envision plate reader (PerkinElmer) at the wavelength of 450nm. 659 

The cellular proliferation inhibition rate is defined according to Eq. 13. Then the CI of drug 660 

combination is calculated by CompuSyn software to quantify the synergism between drugs69.  661 

 (13) 

 662 

Code availability 663 

The source code of the DTGRN algorithm is freely available at GitHub repository 664 

https://github.com/czwlines/DT-GRN (ref. 129) to allow replication of the results and to compare 665 

DTGRN with other prediction models. 666 
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