
ScienceDirect

Available online at www.sciencedirect.com

Procedia Computer Science 216 (2023) 370–376

1877-0509 © 2023 The Authors. Published by Elsevier B.V.
This is an open access article under the CC BY-NC-ND license (https://creativecommons.org/licenses/by-nc-nd/4.0)
Peer-review under responsibility of the scientific committee of the 7th International Conference on Computer Science and Computational 
Intelligence 2022
10.1016/j.procs.2022.12.148

10.1016/j.procs.2022.12.148 1877-0509

© 2023 The Authors. Published by Elsevier B.V.
This is an open access article under the CC BY-NC-ND license (https://creativecommons.org/licenses/by-nc-nd/4.0)
Peer-review under responsibility of the scientific committee of the 7th International Conference on Computer Science and 
Computational Intelligence 2022

 

Available online at www.sciencedirect.com 

ScienceDirect 

Procedia Computer Science 00 (2022) 000–000  
www.elsevier.com/locate/procedia 

 

1877-0509 © 2022 The Authors. Published by ELSEVIER B.V. This is an open access article under the CC BY-NC-ND license 
(https://creativecommons.org/licenses/by-nc-nd/4.0) 
Peer-review under responsibility of the scientific committee of the 7th International Conference on Computer Science and 
Computational Intelligence 2022 

 
7th International Conference on Computer Science and Computational Intelligence 2022 

Towards a more general drug target interaction prediction model 
using transfer learning 

Derwin Suhartonoa, Muhammad Rizki Nur Majiida,*, Alif Tri Handoyoa, Pandu 
Wicaksonoa, Henry Luckya 

aComputer Science Department, School of Computer Science, Bina Nusantara University, Jakarta, Indonesia 11480 

Abstract 

The topic of Drug-Target Interaction (DTI) topic has emerged nowadays since the COVID-19 outbreaks. DTI is one of the stages 
of finding a new cure for a recent disease. It determines whether a chemical compound would affect a particular protein, known 
as binding affinity.  Recently, significant efforts have been devoted to artificial intelligence (AI) powered DTI. However, the use 
of transfer learning in DTI has not been explored extensively. This paper aims to make a more general DTI model by 
investigating DTI prediction method using Transfer learning. Three popular models will be tested and observed: CNN, RNN, and 
Transformer. Those models combined in several scenarios involving two extensive public datasets on DTI (BindingDB and 
DAVIS) to find the most optimum architecture. In our finding, combining the CNN model and BindingDB as the source data 
became the most recommended pre-trained model for real DTI cases. This conclusion was proved with the 6% AUPRC increase 
after fine-tuning the BindingDB pre-trained model to DAVIS dataset than without pre-training the model first. 
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1. Introduction 

Identifying drug interactions and the target drug (protein) is the most crucial in drug discovery. The main goal of 
drug discovery is to find safe and effective drugs to cure diseases [1]. All drug development processes, from target 
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identification to clinical trials, are costly and time-consuming at each stage. Drug Target Interaction (DTI) helps 
describe the level of attachment of drug compounds to target proteins [2]. Due to the high cost of the experiment, it 
is necessary to develop a suitable computational tool that can accurately detect interactions between drug compounds 
and target proteins. 

Recently, significant efforts have been devoted to artificial intelligence (AI) powered DTI, enabling cost-effective 
development strategies in academia and the pharmaceutical industry. Leveraging deep neural networks can provide an 
advantage in understanding complex biological spatial contexts. Due to the remarkable success of deep learning in 
computer vision, speech recognition, and Natural Language Processing (NLP), deep learning models are also widely 
used for DTI prediction. In predicting DTI, there are at least two main parts to do, namely encoding methods and DTI 
prediction methods [3]. The encoding method will label the input data with a character-based dictionary. Like in 
DeepDTA [4], with a dictionary like {'C':1,'H':2,'N':3,...,'=':63}, drugs with sequences like 'CN=C=O' are labeled as 
[1 3 63 1 63 5] using the simplified molecular input line entry system (SMILES). Models using SMILES can be used 
to predict chemical reactions. DTI prediction methods are seen as binary classification problem [1]. This approach 
uses a binary dataset with labels of ones and zeros for known and unknown interactions. 

Several learning-based algorithms have been developed to predict drug-target interactions, such as KronRLS [5] 
to predict DTI based on chemical structure and protein sequences and SimBoost [6] to predict drug-target binding 
affinities. When it comes to DTI modeling, the most frequently used prediction method [7-10], is by using 1D 
descriptors for each drug and target. However, just like most tasks in deep learning, the task of DTI sometimes is 
treated as benchmarking with specific datasets and researchers are competing to get higher accuracies in the 
scoreboard. This can be misleading, as the model, which is trained with specific dataset, may not be able to perform 
well in real life testing as different datasets can have different characteristics. For the model to be able to perform 
well in real life testing, it needs to be more general in nature. 

Due to the ability of deep learning to learn features automatically, several deep learning methods are starting to be 
applied to DTI, such as transfer learning methods. Transfer learning is a method to use a model that has been trained 
on a data to other data that is different but still in the same clump [1]. Thus, this method will lead the model to be 
more general. Recently, transfer learning methods have attracted attention in the field of bioinformatics. Parts of this 
research include degeneration of biological systems [11], single-cell Ribonucleic Acid (RNA) sequencing [12], drug 
sensitivity prediction [13], and patient response estimation [14]. In drug discovery, transfer learning is applied mainly 
in three aspects: molecular property and activity prediction (including DTI), molecule generation, and structure-
based virtual screening [15]. Transfer learning is an essential method in machine learning development to solve the 
fundamental problem of the lack of data for training [15]. For example, molecular generative models typically pre-
train the model on a large dataset, such as Chemical European Molecular Biology (ChEMBL) [16], and then train the 
model on a specific target dataset using smaller data to generate a particular functional molecule. Then the second 
model was initialized with the parameters obtained from the first model [17]. Transfer learning can fix data lack 
problems by fine-tuning pre-trained models that have been trained previously using large datasets [17]. 

The model used for DTI prediction can be combined with the transfer learning method. Bonggun et al. [18] 
imported a molecular representation model learned from the PubChem database [19] and applied it to the DTI model 
to improve performance. Transfer learning methods also can be used in the de novo stage [20]. However, building 
and evaluating deep learning models to make predictions requires programming skills and an in-depth understanding 
of chemical drugs. Therefore, integrating data preparation with modeling becomes more difficult [21]. It is for this 
reason that many data scientists prefer to use specialized frameworks because of the ease with which they develop 
models. One of the frameworks is DeepPurpose [22]. 

To make a more general DTI model, in this paper we investigate DTI prediction method using Transfer learning. 
Transfer learning concepts can formulate the binary DTI problem in a more realistic situation. Even in the drug 
discovery process (especially when designing new drugs/proteins), some known interactions are insufficient to create 
a good model. Therefore, transferring knowledge from the related source dataset to the target dataset would be helpful. 
We use publicly available datasets for our experiment, namely BindingDB [2] and DAVIS [3]. 
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2.  Method 

2.1. Dataset 

In this paper, we use two datasets, BindingDB [2] and DAVIS [3]. BindingDB is a publicly available dataset 
containing measured binding affinities focusing on drug and target (protein) interactions. The DAVIS dataset is fully 
populated with the observed binding affinities for all 68 drugs and 442 target pairs as measured by Kd (kinase 
dissociation constant) values. Both datasets use SMILES as their drug representation, which is easier to process, 
since SMILES representation is string. To make the transfer learning easier, we binarize the datasets using default 
threshold from DeepPurpose framework [22], resulting in two labels for each drug-target pair: “1” or “0”. A 
"1" label means that the drug-target pair has strong interaction, which means that the drug could significantly change 
the protein. Meanwhile, the "0" label means that the drug-target pair has weak interaction, which means there will 
be no significant change to the protein. 

2.2. Experiment setting 

In this paper There are two commonly used transfer learning approaches: (1) the develop model approach and (2) 
the pre-trained model approach. The developed model approach consists of four stages as seen in Fig. 1. The first step 
is selecting the source model; this stage determines the model architecture and datasets with an enormous number that 
can be used as source datasets. The second step is developing the source model; at this stage, the predetermined 
architecture is trained using the source dataset until the model can perform well with the data. The next step is reusing 
the model; this stage continues the model's training process using a dataset that will be used as a parameter for 
evaluating the model's performance. Model tuning, this last stage aims to get the best evaluation results by adjusting 
the values of the hyperparameters. 

While in the pre-trained model approach, only three stages are carried out. The stage omitted from this approach is 
the stage of developing the source model because, in selecting the source model, the chosen architecture is a pre- 
trained model. Pre-trained model is an architectural model that already stores the weight values from the training 
results using a public dataset. In addition, the stages of reusing and tuning the model are the same as the developed 
model approach23. This study uses a developed model approach because it wants to determine the source dataset 
manually.  

 

 

Fig. 1. Transfer Learning Steps with Develop Model Approach 

In this case, two datasets will be used: BindingDB and DAVIS. The two datasets will alternately be tested as a 
source dataset and a fine-tuning dataset. The models are built using a combination of Convolutional Neural Network 
(CNN), Convolutional Neural Network - Recurrent Neural Network (CNN-RNN), and Transformers using 
DeepPurpose framework [22]. Table 1 contains details of the combination of experiments that will be carried 
out. Experiments that do not have a source dataset do not apply transfer learning, which we call the direct training 
method. All experiments were trained for 100 epochs with a learning rate and batch sizes of 0.001 and 256, 
respectively. 

The value of the hyperparameters itself follows the best results from previous studies4. Each dataset will be 
divided into three sets; 70% as the training set, 10% as the validation set, and 20% for the testing set. Area Under 
Precision- Recall Curve (AUPRC) was chosen as the evaluation metric because most of the DTI classification cases 
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use this metric [4]. 
AUPRC is the percentage of the area under the curve between the precision and recall axes. Precision and recall 

are metrics that are often used in classification cases because they can reduce evaluation problems in imbalanced data. 
In addition, Area Under Receiver-Operating Curve (AUROC) is also used for comparison. The AUROC is 

calculated as the area under the Receiver Operating Characteristic (ROC) curve. A ROC curve shows the trade-off 
between True Positive Rate (TPR) and False Positive Rate (FPR) across different decision thresholds. Each dataset 
will be observed eight times with various scenarios. So, in total, there will be 16 trials summarized in Table 1. All 
the observations already covered the combinations of three popular models: Transformer, CNN, and RNN. The drug 
and target (protein) data in every scenario will be processed with separate models using the ensemble method. All 
trials served in the table will already have been fine-tuned. 

Table 1. Experimental Scenarios of Datasets and Encoders Combination    

No 
Source Dataset Fine-tuning Dataset Drug Encoder Target Encoder 

BindingDB DAVIS BindingDB DAVIS CNN CNN-RNN Transformer CNN CNN-RNN 

1   ✓  ✓   ✓  
2   ✓   ✓   ✓ 

3   ✓    ✓ ✓  
4   ✓    ✓  ✓ 

5    ✓ ✓   ✓  
6    ✓  ✓   ✓ 

7    ✓   ✓ ✓  
8    ✓   ✓  ✓ 

9  ✓ ✓  ✓   ✓  
10  ✓ ✓   ✓   ✓ 

11  ✓ ✓    ✓ ✓  
12  ✓ ✓    ✓  ✓ 

13 ✓   ✓ ✓   ✓  
14 ✓   ✓  ✓   ✓ 

15 ✓   ✓   ✓ ✓  
16 ✓   ✓   ✓  ✓ 

3. Results and Discussion 

In this section, we present our experiment results and discuss them further, starting from all results that are gained 
from experiment mentioned in section 2. 
 

  
Fig. 2. Results of direct training on BindingDB (left); Results of direct training on DAVIS (right) 
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The results that are gained using direct training method are shown in Fig. 2. Overall, the models work better on 
BindingDB dataset than DAVIS dataset. Surprisingly, the best performing model for BindingDB is the CNN-CNN 
with AUROC of 95.3% and AUPRC of 88.37%, meanwhile the models with Transformer have lower performance 
scores. As for DAVIS, CNN-CNN also has the best performance score. However, there is a big gap between AUROC 
and AUPRC (AUROC of 93.95% and AUPRC of 59.52%), which indicates the imbalance level of the dataset is 
extremely high and the model could not solve the imbalance problem, especially for the Transformer models with 
almost 60% gap. 
  

  
Fig. 3. Results of transfer learning with DAVIS as source dataset and BindingDB as Fine-tuning dataset (left); Results of transfer learning with 

BindingDB as source dataset and DAVIS as Fine-tuning dataset (right) 

Fig. 3 shows the results from the transfer learning method. On the left side, the results from pre-training the models 
on DAVIS dataset, then fine-tuning them on BindingDB dataset are shown. In comparison to the results from direct 
training on BindingDB dataset, we can see almost no difference in performance, indicating that the transfer learning 
method failed to increase the performance for this case. On the contrary, the right side of Fig. 3, which is the results 
from pre-training the models on BindingDB dataset, then fine-tuning them on DAVIS dataset, shows increment on 
both AUROC and AUPRC for all models, especially the Transformer CNN-RNN. This difference on performance 
increment shows that DAVIS is not a good dataset to be used as source dataset, as it is imbalanced. Instead, BindingDB 
can be a good source dataset as it increases the performance for the models that are fine-tuned with DAVIS. 

For more thorough discussion, we also present the results in three aspects: (1) the models, (2) the datasets, and (3) 
the transfer learning method. The comparison between the models used to see the best performing model. Table 2 
summarizes the experimental results of each model with the average AUPRC and time cost. The best score was 
obtained with a CNN decoder for both the drug and the target. The use of Transformer as a decoder does not seem to 
meet expectations, even the average AUPRC does not reach 50%. This proves that the use of an encoder designed 
specifically for sequential data does not seem to be so important in this case. 

Table 2. Model Comparison  
Drug Encoder Target Encoder Average AUPRC Average AUROC 

CNN CNN 76.06% 94.87% 
CNN-RNN CNN-RNN 72.57% 93.92% 
Transformer CNN 45.32% 80.82% 
Transformer CNN-RNN 44.04% 78.38% 

 
Table 3 compares the mean AUPRC and time costs of the trials using each of the data. The AUPRC value of the 

model trained and tested using BindingDB far outperforms the model using DAVIS data. This may be due to 
BindingDB's much larger amount of data, allowing deep learning models to learn more effectively. Another possible 
factor is the high false positive rate generated by the DAVIS-trained model, given that the AUPRC is very sensitive 
to this. The large size of the BindingDB dataset also underlies the reason why the average training time is up to 2.5 
times longer than DAVIS. 
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Table 3. Dataset Comparison  
Dataset Average AUPRC Average AUROC 

BindingDB 81.43% 91.33% 
DAVIS 34.75% 80.75% 

 
The core experiment of this research is to investigate further the transfer learning method for DTI. Table 4 

contains the average AUPRC results from experiments that use transfer learning and those that do not. In the 
experiment using BindingDB as the target dataset, the application of transfer learning from DAVIS did not seem to 
succeed in increasing the AUPRC value in the test data. In contrast to the DAVIS target dataset, the use of 
BindingDB as the source dataset succeeded in increasing the AUPRC by up to 6%. This result indicates that 
BindingDB could act better as source dataset than DAVIS. We hypothesize that the amount of data in BindingDB is 
larger than DAVIS, thus make it a better option to be a source dataset. 

Table 4. Transfer Learning Comparison  
Source Dataset Target Dataset Average AUPRC Average AUROC 

None BindingDB 81.43% 91.33% 
DAVIS BindingDB 81.08% 91.28% 
None DAVIS 34.75% 80.75% 

BindingDB DAVIS 40.72% 84.62% 

 

4. Conclusion 

There are some interesting findings in this study. The first is CNN's performance, which consistently outperforms 
decoders using CNN-RNN and Transformers, which have been known to be effective in dealing with sequential data. 
Of course, these findings need to be explored further to find the cause. The second is that the performance of the 
model trained using DAVIS is very far from expectations, in contrast to BindingDB which produces a high AUPRC 
and AUROC value. Even pre-trained models with DAVIS dataset produce slightly lower AUPRC than non-pre-trained 
models that are directly trained on BindingDB. This case may be caused by the high imbalance in the dataset. 
Therefore, it can be concluded that the implementation of transfer learning results in better model performance in 
this DTI case when the source dataset is good. BindingDB is good enough to be used as a source dataset, this is 
proven in this study by consistently improving model performance compared to non-pre-trained models. For future 
works, we can explore on more datasets to be used as source dataset and finetuning dataset, also more model 
variations. We can also explore how to make an imbalanced dataset like DAVIS to be a better source dataset. 
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