
Telkom University 2025 School of Computing

BIBLIOGRAPHY

[1] K. Sachdev and M. K. Gupta. A comprehensive review of feature based methods for

drug target interaction prediction. J. Biomed. Inform., 93:103159, May 2019. doi:

10.1016/j.jbi.2019.103159.

[2] Y. Zhang, Y. Hu, N. Han, A. Yang, X. Liu, and H. Cai. A survey of drug-target

interaction and affinity prediction methods via graph neural networks. Comput. Biol.

Med., 163:107136, September 2023. doi: 10.1016/j.compbiomed.2023.107136.

[3] A. Suruliandi, T. Idhaya, and S. P. Raja. Drug target interaction prediction using

machine learning techniques – a review. Int. J. Interact. Multimed. Artif. Intell., 8

(6):86, 2024. doi: 10.9781/ijimai.2022.11.002.

[4] H. Bhargava, A. Sharma, and P. Suravajhala. Chemogenomic approaches for revealing

drug target interactions in drug discovery. Curr. Genomics, 22(5):328–338, December

2021. doi: 10.2174/1389202922666210920125800.

[5] Z. Li et al. In silico prediction of drug-target interaction networks based on drug

chemical structure and protein sequences. Sci. Rep., 7(1):11174, September 2017. doi:

10.1038/s41598-017-10724-0.

[6] Z. Shi and J. Li. Drug-target interaction prediction with weighted bayesian ranking.

In Proceedings of the 2nd International Conference on Biomedical Engineering and

Bioinformatics, pages 19–24, Tianjin, China, September 2018. ACM. doi: 10.1145/

3278198.3278210.

[7] T. Pahikkala et al. Toward more realistic drug-target interaction predictions. Brief.

Bioinform., 16(2):325–337, March 2015. doi: 10.1093/bib/bbu010.

[8] T. He, M. Heidemeyer, F. Ban, A. Cherkasov, and M. Ester. Simboost: a read-across

approach for predicting drug–target binding affinities using gradient boosting ma-

chines. J. Cheminformatics, 9(1):24, December 2017. doi: 10.1186/s13321-017-0209-z.

[9] I. Lee, J. Keum, and H. Nam. Deepconv-dti: Prediction of drug-target interactions

via deep learning with convolution on protein sequences. PLOS Comput. Biol., 15(6):

e1007129, June 2019. doi: 10.1371/journal.pcbi.1007129.

[10] C. Chen, H. Shi, Y. Han, Z. Jiang, X. Cui, and B. Yu. DNN-DTIs: improved drug-

target interactions prediction using XGBoost feature selection and deep neural net-

work. Bioinformatics, August 2020. doi: 10.1101/2020.08.11.247437. Preprint.

[11] N. R. C. Monteiro, B. Ribeiro, and J. P. Arrais. Drug-target interaction prediction:

End-to-end deep learning approach. IEEE/ACM Transactions on Computational Bi-

41



Telkom University 2025 School of Computing

ology and Bioinformatics, 18(6):2364–2374, November 2021. doi: 10.1109/TCBB.

2020.2977335.

[12] S. M. Hasan Mahmud, W. Chen, H. Jahan, B. Dai, S. U. Din, and A. M. Dzisoo. Deep-

action: A deep learning-based method for predicting novel drug-target interactions.

Anal. Biochem., 610:113978, December 2020. doi: 10.1016/j.ab.2020.113978.

[13] Y.-B. Wang, Z.-H. You, S. Yang, H.-C. Yi, Z.-H. Chen, and K. Zheng. A deep

learning-based method for drug-target interaction prediction based on long short-term

memory neural network. BMC Med. Inform. Decis. Mak., 20(S2):49, March 2020. doi:

10.1186/s12911-020-1052-0.
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[34] P. Veličković, G. Cucurull, A. Casanova, A. Romero, P. Liò, and Y. Bengio. Graph
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