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 Abstract: Background: The prediction of drug-target interactions (DTIs) plays an essential role in drug 

discovery. Recently, deep learning methods have been widely applied in DTI prediction. However, most 

of the existing research does not fully utilize the molecular structures of drug compounds and the 

sequence structures of proteins, which makes these models unable to obtain precise and effective feature 

representations. 

Methods: In this study, we propose a novel deep learning framework combining transformer and graph 

neural networks for predicting DTIs. Our model utilizes the graph convolutional neural networks to 

capture the global and local structure information of drugs, and convolutional neural networks are 

employed to capture the sequence feature of targets. In addition,  the obtained drug and protein 

representations are input to multi-layer transformer encoders,  respectively, to integrate their features 

and generate final representations.  

Results: The experiments on benchmark datasets demonstrated that our model outperforms previous 

graph-based and transformer-based methods. The results indicate that the transformer encoders 

effectively extract feature information of both drug compounds and proteins. 

Conclusion: Overall, our proposed method validates the applicability of combining graph neural 

networks and transformer architecture in drug discovery, and due to the attention mechanisms, it can 

extract deep structure feature data of drugs and proteins.  
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1. INTRODUCTION 

The discovery and development of new drugs are costly 
and time-consuming. The typical process of a new drug’s 
discovery usually costs US $ 0.5-2.6 billion and takes 15 years 
[1]. With the emergence of new diseases such as coronavirus 
disease 2019 (COVID-19), drug discovery is even more 
important [2]. The identification of interactions between drug 
compounds and target proteins plays a vital role in drug 
discovery and drug repurposing [3]. Prediction of drug-target 
interactions (DTIs) by computational methods can shorten 
drug discovery time and effectively reduce research costs [4]. 
Therefore, developing accurate and efficient methods for 
predicting DTI are vital and urgently required [5].  
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Nowadays, with the plentiful accumulation of  biological 
data and improvement of computational resources, deep 
learning-based methods have been utilized in DTI prediction 
fields [6][7]. Currently, the most widely used methods 
represent drugs and  proteins individually with different 
descriptors, and then these representation vectors are fed into 
deep neural networks to predict the interaction [8][9]. Ozturk 
et al. [10][11] first used convolutional neural networks (CNN) 
as feature extractor of drugs and targets, and then the binding 
affinities were calculated by feeding the obtained 
representations to linear layers. The model proposed by Lee 
et al. [12] used CNN to convolve amino acid sequences to 
obtain the local residue pattern of proteins. Zheng et al. [13] 
utilized the two-dimensional distance map of protein as input, 
and employed the Visual Question Answering (VQA) system 
to obtain the answer to whether the queried drugs interacted 
with proteins. Gao et al. [14] employed recurrent neural 
networks (RNN) as both drug and protein encoders. Karimi et 
al. [15] proposed DeepAffinity, based on the seq2seq 
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autoencoder architecture that combines CNN and RNN. In 
addition, Wang et al. [16] and Mahdaddi et al. [17] both 
applied the Long Short-Term Memory (LSTM) network to 
DTI prediction.  

Although CNN and RNN-based methods have achieved 
remarkable performance in DTI prediction, most of the 
models represent drugs as strings, which is not a natural way, 
as the molecular structure information may be lost. To solve 
this issue, graph neural networks (GNN) have been widely 
applied in DTI prediction. The GNN-based methods represent 
drugs as graphs by representing drug compounds with atomic 
or amino acid nodes and edges between nodes. For example, 
Tsubaki et al. [18] applied GNN to DTI prediction for the first 
time. Their research respectively used GNN and CNN as drug 
and protein descriptors, and completed tests on two 
benchmark datasets. Nguyen et al. [19] proposed a novel 
framework GraphDTA, which used four GNN variants, 
including graph convolution network (GCN), graph attention 
network (GAT), graph isomorphic network (GIN), and the 
combined structure of GAT-GCN to identify the binding 
affinities, which proved that using graphs as drug 
representations can result in further improvement. 
Furthermore, Jiang et al. [20] proposed DGraphDTA, 
utilizing  2D contact maps obtained from protein sequences as 
the descriptor of proteins to obtain more information of 
protein structures. MGraphDTA proposed by Yang et al. [21] 
introduced dense connectivity into GNN, and constructed a 
deep network structure with multi-layers of GCNs to capture 
both local and global structures of compounds.  

Some previous studies have applied attention mechanism 
to DTI models [22][23]. Transformer [24] model based on 
attention mechanism has been rapidly applied to many 
artificial intelligence fields. It was also widely used into 
bioinformatics, including protein sequence and drug 
molecular structure representation [25]. Chen et al. [26] 
proposed TransformerCPI, a transformer-based model which 
obtained interaction vectors by using transformer decoders to 
extract data features. Huang et al. [27] proposed MolTrans to 
address the drawbacks of current DTI prediction models that 
neglect the nature of DTI substructures and the value of 
unlabeled data. MolTrans extracts the interactions between 
substructures from unlabeled data by two transformer 
modules. Wang et al. [28] proposed a Protein Transformer 
(PT) architecture as a protein descriptor to capture the 
interactions between protein amino acid sequences. Inspired 
by the above studies, Kalakoti et al. [29] also developed a 
transformer-based language model to predict DTIs.  

 The above researches indicate that GNN-based models can 
effectively extract topological information from the drug 
molecular structure graphs. Besides, transformer-based 
models have also been proved to be able to extract some of 
the feature information of both protein sequences and drug 
molecules. However, most of the current GNN-based DTI 
research has focused on capturing node features of drug 
molecules, and ignores extraction and processing of edge 
features. This may lead to the loss of important structural 
information following the construction of the drug molecular 
graphs. On the other hand, a large number of methods 
represent proteins as amino acid sequences and encode them 

using CNN. Nevertheless, existing shallow CNN layers are 
insufficient to capture structural features from the primary 
structure of proteins. 

 In response to the existing problems in DTI prediction 
methods, we propose an end-to-end deep learning model 
combining transformer and graph neural networks. In our 
proposed model,  drug compounds are represented as 
molecular graphs, and target proteins are represented as amino 
acid sequences. In addition, we employ GCN and CNN to 
learn the feature representations of drug atoms and protein 
sequences respectively. The obtained drug graph information 
and protein local residue information are then fed into 
transformer encoders independently so that we can combine 
the advantages of GNN and transformer together. Due to the 
multi-head attention mechanism, our model can mine the 
information of atoms on drug molecules and residues in 
protein sequences at a deeper level. The extracted features of 
drug and protein are then concatenated together so that a 
combined representation of a given drug-target pair is 
obtained. The combined feature vector is fed into a multi-layer 
perceptron (MLP) to get the final DTI prediction. Fig. (1) 
illustrates the overall architecture of our model. The major 
contributions of this paper are as summarized below. 

a) The GCN layers are utilized to capture the features of drug 
molecules by which the atomic information of drug 
compounds can be utilized to the maximum extent.  

b) We employ the transformer to capture feature information 
from multi-layers of GCN and CNN. By the multi-head 
attention mechanism in transformer, the interactions 
between atoms in drugs and amino acids residues in 
proteins are efficiently preserved. 

2. MATERIALS AND METHODS 

2.1. Input Representation 

 In our proposed method, we first process and represent the 
drugs and proteins before feeding them into neural networks. 
The input drugs are Simplified Molecular Input Line Entry 
System (SMILES) [30], which describes three-dimensional 
compound structures by strings. On the other hand, the input 
protein targets are in the form of amino acid sequences.  

 Then, during preprocessing, the input SMILES were 
converted into graphs in which nodes and edges represent the 
atoms and chemical bonds between atoms, separately. We 
convert drug SMILES by RDKit [31] as shown in Fig. (2). (a).  
In this paper, the atom features of drugs are listed in Table 1, 
which have been used in previous research to represent 
compound molecules [32][33]. Finally, each of the atom 
features is represented as a vector of size 41. For the protein 
sequences, we employ the embedding operation before 
training. We extract unique letters that represent categories of 
amino acids, and each letter is further represented by integers. 
Afterwards, the protein sequence can be transformed into 
encodings using these integers. To improve the convenience 
of training process, we set the maximum length of 1000 for 
the protein sequences to cover most of the proteins in the 
datasets according to the previous studies [22][34].  
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Fig. (1). The overall architecture of our proposed model. 

2.2. Graph Convolutional Neural Network for Drug 
Features 

 The original graph convolutional neural network was 
proposed to complete node classification tasks [35]. To adapt 
GCN to DTI prediction task, we used a three-layer GCN by 
which the graph-level feature representation of each drug is 
obtained. Normally, a graph is represented as 𝐺 = (𝑉, 𝐸) , 
where 𝑉 is the set of nodes and 𝐸 is the set of edges. A multi-
layer GCN maps an input graph to a graph-level 
representation vector by two basic phases as shown in Fig. (2). 
(b) and (c).  

 In message passing phase, two steps are implemented to 
extract features of a graph: gathering and updating 
information. Each atom 𝑥𝑖  gathers local information 𝑡𝑖  from 
both its neighboring atoms and bonds. Then the GCN layer is 
used to update atom node 𝑥𝑖  as follows:  

𝑥𝑖
(𝑡+1)

= 𝜎 (𝑊1𝑥𝑖
(𝑡)

+ 𝑊2 ∑ 𝑥𝑖
(𝑡)

𝑗∈𝒩(𝑖)
) (1)  

 where 𝑊1 , 𝑊2  are learnable weight vectors, 𝒩(𝑖) is the 
neighbor nodes of node 𝑖 , and 𝜎  means a ReLU activation 
function. By equation (1), the atom features information 
learned from the previous steps are then processed to obtain 
the updated features at each iteration.  

 The readout phase aggregates node features of a given 
drug compound globally. During the readout phase, to obtain 
the final feature vector from the set of node vectors in 𝐺, we 
embed nodes as follows:  

𝑦 =
1

|𝒱|
∑ 𝑥𝑣

(𝐿)

𝑣∈𝒱

(2) 

 where |𝒱|  denotes the number of atoms in a drug 
molecular, and 𝐿 is the final iteration step. The readout phase 
aggregates node-level representations to a 64-dimensional  
graph-level feature representation to meet the needs of our 
model. Fig. (4) shows the overall graph convolutional neural 
network module in our method. 

Table 1. Atom features employed in our model. 

 

Features Size Descriptions 

Atom type 17 
C, N, O, F, P, S, Cl, Br, I, B, Si, Fe, Zn, 

Cu, Mn, Mo, other (one hot) 

Atom degree 7 0, 1, 2, 3, 4, 5, 6 (one hot) 

Formal charge 1 0 or 1 

Number of 

radical electrons 
1 0 or 1 

Hybridization 6 sp, sp2, sp3, sp3d, sp3d2, other (one hot) 

Aromatic 1 0 or 1 

Number of 

hydrogen atoms 
5 0, 1, 2, 3, 4 (one hot) 

Chirality 3 R, S, other (one hot) 

Total 41  

   

2.3. Convolutional Neural Network for Protein Features 

 Recently, CNN has been widely utilized into tasks related 
to processing sequence data. Following the idea of earlier 
research [21][36],  we constructed a multi-layer CNN to 
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extract the deep features of proteins. The structure of our 
CNN-based protein feature extract module is shown in Fig. 
(5). Specifically, we designed a CNN architecture with three 
different layers to detect local residue information on proteins. 
We employed a kernel size of 3 to convolve the protein 
embedding vector. As the 1D amino acid sequences can’t 
represent the whole structure of proteins, using a larger kernel 
size does not seem to capture features better. After different 
layers of CNN, a global max pooling is performed to capture 
the important local residue features. Finally, we concatenated 
these three feature vectors obtained from three different layers 
of CNN, then fed them into a linear layer to obtain a protein  
feature representation. In our experiment, we set the final 
protein representation dimension of 64 the same as the drug 
representation.  

 

 

(a) 

 

(b) 

 

(c) 

Fig. (2). Drug molecule representation and the working principle of 

GCN layers. (a) Convert a drug molecule to a graph. (b) GCN 

message passing phase. (c) GCN readout phase. 

2.4. Transformer Module 

 Transformer [24] is an architecture with an encoder and a 
decoder based on the multi-head attention mechanism. In 
order to capture the biological and chemical information of 
drugs and proteins, respectively, we used two transformer 
encoders in parallel. In particular, the output vectors of GCN 

for drug features and CNN for protein features were then fed 
into two encoder blocks. Among them, the head numbers of 
multi-head attention module were set to 4, and the layers of 
each encoder were set to 10 which are variable parameters.   

 

Fig. (3). The architecture of the multi-head attention layer. 

 The key component of the transformer encoder block is 
the  multi-head attention module. Fig. (3) below illustrates the 
architecture of a multi-head attention layer in the transformer. 
The multi-head attention module contains several scaled-dot 
attention layers to extract relationship information and 
calculate the similarity of each element in the input vector. 
The multi-head attention layer contains three different vectors 
converted from inputs, including the keys 𝐾, the values 𝑉, and 
the queries 𝑄, which are generated from the input sequences 
by the linear layer and split across different heads of attention. 
The attention score is then calculated. Each head maps a query 
𝑄 and a key 𝐾 -value 𝑉 pair to an output, which is calculated 
by a weighted sum of the values. The attention weights 
assigned to each value are obtained by  applying a SoftMax to 
the scaled dot-product between the queries and keys. The 
outputs of each head of attention are concatenated and the 
final dimension of the output vector is the same as the input 
vector. The formula of the multi-head attention layer is 
expressed as follows: 

𝑎𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄, 𝐾, 𝑉) = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 (
𝑄𝐾𝑇

√𝑑𝑘

) 𝑉 (3) 

MultiHead (𝑄, 𝐾, 𝑉) =  Concat ( head 1, … ,  head 𝑛)𝑊0 (4) 

 where 𝑑𝑘  is the dimension according to the input size. 
 head 𝑖 =  Attention (𝑄𝑊𝑖

𝑄, 𝐾𝑊𝑖
𝐾, 𝑉𝑊𝑖

𝑉) , 𝑛  denotes the 
number of heads of the attention mechanism which is set to 4 
in our paper.   

 After the multi-head attention module, each encoder block 
contains a fully connected layer and a dropout module as 
follows: 

𝐹𝐹 𝑁(𝑥) = ReLU (𝑥𝑊1 + 𝑏1) 𝑊2 + 𝑏2 (5) 
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 The attention mechanism enables our model to focus on 
some significant and critical parts of the input data, so that the 
model can directly capture the interaction and relationship 
information of the obtained drug and protein feature vectors, 
respectively. Moreover, considering that the element order of 
both drug molecules and protein sequences have little effect 
on DTI prediction according to a previous study [26], we 
removed positional encodings in the transformer architecture. 
Overall, these two transformer encoders in parallel compute 
the contextual representation for the drug features and protein 
features, in which the multi-head attention mechanism learn 
the similarities and dependencies between the individual 
elements. Fig. (4) and (5) show the two transformer  modules 
of drugs and proteins, respectively.  

 

Fig. (4). The architecture of the drug feature extraction module. 

2.5. Prediction Module 

 After obtaining two 128-dimensional vector 
representations of drugs and proteins by transformer encoders,  
we respectively concatenated them with the GCN drug 
features and CNN protein features. We then obtained two 192-
dimension aggregated feature representations of the drug and 
protein, separately. Then they were concatenated together and 
fed into a MLP module to predict the possibility of drug-target 
interaction as shown in the prediction module of Fig. (1). 
Specifically, the MLP contains three fully connected layers to 
convert the obtained feature representation into interaction 
probabilities. Each linear layer is set to be followed by a ReLU 
activation function and a dropout layer according to previous 
papers [10][21]. In general, our proposed model is composed 
of a data representation module, a feature extraction module 
for drug and protein encoding with CNN, GCN and 
transformer, and a prediction module with MLP, as illustrated 

in Fig. (1). Given that the DTI prediction in our experiment is 
a binary classification task, the cross entropy loss is selected 
for our model training as follows:  

𝑙𝑜𝑠𝑠 = −
1

𝑛
∑(𝑦𝑖𝑙𝑜𝑔 �̂�𝑖 + (1 − 𝑦𝑖) 𝑙𝑜𝑔(1 − �̂�𝑖))

𝑛

𝑖

(6) 

 where �̂�𝑖  and 𝑦𝑖 are the predictive probability and the 
ground truth probability of the given drug-target pair, and 𝑛 
denotes the sample size. 

 

Fig. (5). The architecture of the protein feature extraction module. 

3. EXPERIMENTS AND RESULTS 

3.1. Dataset 

 The benchmark datasets used in this paper for our DTI 
prediction are Human  and C.elegans [37] datasets, which 
have been widely used into binary classification tasks. The 
Human dataset and C. elegans dataset contain positive DTI 
samples from different databases, including DrugBank [38] , 
Matador [39], and STITCH [40], together with negative 
samples obtained by the systematic screening method 
proposed by Liu et al. [37]. Table 2 summarizes the two 
benchmark datasets. Following the research by Tsubaki et al. 
[18] and Chen et al. [26], the two datasets were randomly split 
into a training set, a validation set and a test set, respectively, 
according to the ratio of 8:1:1 to compare our model with 
other baselines.   
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Table 2. Summary of the two benchmark datasets. 

 

Datasets Compounds Proteins Interactions 

Human 2726 2001 6726 

C.elegans 1767 1876 7786 

3.2. Evaluation Metrics 

 According to several previous studies, different metrics 
were used to comprehensively evaluate the effectiveness of 
our proposed model [18][26]. In detail, we selected three 
different evaluation metrics. The main metric to evaluate our 
model was Area Under Receiver Operating Characteristic 
Curve (AUC). In addition, precision and recall were chosen 
for performance evaluation on two datasets. The formulas of 
the evaluation metrics are defined as follows:   

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
(7) 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
(8) 

 where TP represent the number of drug-target pair with 
interaction that were correctly predicted. FP and FN are the 
numbers of drug-target pair with (without) interactions that 
were unsuccessfully identified respectively. 

3.3. Experimental Settings 

 In our experiment, an NVIDIA RTX 3090Ti was used for 
model training. Our model was built with the PyTorch 
framework, and GCN models were implemented by PyTorch 
geometric (PyG) [41]. Adam [42] with a 0.0001 learning rate 
was chosen as the optimizer. The hyperparameters used in our 
method are listed in Table 3. Notably, some of these 
hyperparameters were obtained by referring to the previous 
baseline methods, and some of them were optimized through 
our experiments. Considering that the number of drug and 
protein transformer encoder layers was a key factor to our DTI 

prediction model, we conducted experiments to test its impact 
on experimental performance and search for the best 
parameters. The search space of hyperparameters is 
highlighted in bold in Table 3.  

Table 3. Hyperparameters of our model. 

 

Hyperparameter Value 

Dimension of drug representation 192 

Dimension of protein representation 192 

Number of drug transformer encoders 1, 2, 5, 10, 15 

Number of protein transformer encoders 1, 2, 5, 10, 15 

Number of drug transformer heads 4 

Number of  protein transformer heads 4 

Number of GCN layers 3 

Batch size 32 

Epochs 1000 

Learning rate 1e-4 

3.4. Exploration of the Optimal Model 

 In order to improve the experimental performance of DTI 
prediction, the setups of the hyperparameters are very vital for 
the model. In the feature extraction module of our method, 
transformer encoders were employed to generate the final 
feature representations of drugs and proteins. However, the 
setting of different numbers of layers can have an impact on 
the final performance of our model. That is an important factor 
for our model and the optimal parameters are needed. 
Therefore, we performed additional experiments to explore 
the impact of different numbers of layers of drug and protein 
transformers. The detailed implement is shown in Table 4. 
The best performances are indicated by bold values.  

Table 4. Performance comparison of  different numbers of transformer layers. 

 

Datasets 
Number of drug 

transformer layers (M) 

Number of protein 

transformer layers (K) 
AUC Precision Recall 

Human 

1 1 0.976 0.942 0.921 

2 2 0.979 0.947 0.927 

5 5 0.981 0.947 0.927 

10 10 0.987 0.960 0.955 

15 15 0.982 0.926 0.948 

C.elegans 

1 1 0.990 0.953 0.936 

2 2 0.990 0.956 0.939 

5 5 0.991 0.969 0.954 

10 10 0.994 0.970 0.963 

15 15 0.991 0.959 0.948 
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(a) Human Dataset                                                             (b) C.elegans Dataset  

Fig. (6). Performance comparison of different numbers of transformer layers. 

 (a) Comparison on Human dataset. (b) Comparison on C.elegans dataset. 

 It is obvious from Table 4 and Fig. (6) that the 
representation is more accurate when using the ten-layer drug 
and protein transformer to extract their features, which shows 
the best performance on three metrics of two benchmarks. 
Besides, the performance of the model become better when 
the number of drug transformer layers 𝑀 and the number of 
protein transformer layers 𝐾  increased from 1 to 10. 
Nevertheless, when 𝑀  and 𝐾  increased to 15, the 
performance on both datasets decreased. Therefore, we took 
𝑀 = 10, 𝐾 = 10, when our model worked best to compare with 
baselines.  

3.5. Results 

3.5.1  Baselines 

 To validate the efficiency of our method, we compared the 
results of our model with different state-of-the-art DTI 
prediction models. On the two benchmarks, we evaluated our 
method compared to several traditional machine learning 
methods, including random forest (RF) and L2-logistic (L2). 
Moreover, six SOTA deep learning models were chosen to 
compare as baselines, including Tsubaki et al. [18], 
GraphDTA [19], DrugVQA [13], TransformerCPI [26], 
TrimNet [43] and SAG-DTA [34]. Among them, DrugVQA 
and TrimNet are based on CNN; Tsubaki et al. , GraphDTA, 
and SAG-DTA are based on GNN; and TransformerCPI is a 
transformer-based model. Significantly, GraphDTA was 
originally designed for DTA prediction which is a regression 
task, and had been modified to be applied into the DTI 
prediction task by Chen et al. [26].  

3.5.2  Comparison with baselines on benchmark datasets 

 Table 5 below illustrated the obtained experimental results 
of the performance comparison between our method and 
baseline models on Human and C.elegans datasets. The best 
results are indicated by bold values.  

 As the overall performances measured by the three 
evaluation metrics illustrated, our proposed model 
outperformed the baseline models for each of the three metrics 
on two benchmarks. Compared with traditional machine 
learning models, our model showed significant performance 
improvements on benchmark datasets. Our method also 
showed the superiority compared with deep learning-based 
baseline models. Concretely, on the Human dataset, the AUC, 
precision and recall scores of our model are 0.002, 0.015 and  
0.002 higher than the best baseline, respectively. On the 
C.elegans dataset, the three metrics have been increased by 
0.006, 0.018 and 0.010, respectively. It can be observed that 
our proposed model combining GNN and transformer, by 
which it is better than these GNN and transformer-based 
models.  

 One possible reason for the performance improvement of 
our model is that these previous methods only used a single 
model to extract features of drug compounds and protein 
targets. Therefore, the baseline models can-not mine deep 
information of atoms in drug molecules and residues in 
protein sequences. The GNN-based models surpassed the 
CNN-based models, which indicated the potential of GNN in 
DTI prediction methods. As  these CNN-based models 
represent drugs as strings, they do not take the structural 
information into consideration. Thus, the performance of 
these methods that only use one-dimensional SMILES is 
generally lower than that of those that represent drugs as 
graphs. Furthermore, TransformerCPI [26] and our model, 
which are based on transformer, were obviously better than 
the GNN and CNN-based methods. Benefitting from the  
multi-head attention mechanism in transformer, the 
transformer-based models can focus on the interactions 
between atoms in drug molecules and amino acid residues in 
proteins, which is not possible in CNN and GNN. Overall, our 
proposed model achieved the best performance in comparison 
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Table 5. Performance comparison of  our model and baseline models on the Human and C.elegans datasets. 

 

Dataset Model AUC Precision Recall 

Human 

RF 0.940 0.897 0.861 

L2 0.911 0.913 0.867 

Tsubaki et al. 0.970 0.923 0.918 

GraphDTA 0.960 0.882 0.912 

DrugVQA 0.964 0.897 0.948 

TransformerCPI 0.973 0.916 0.925 

TrimNet 0.974 0.918 0.953 

SAG-DTA 0.985 0.945 0.933 

Our model 0.987 0.960 0.955 

C.elegans 

RF 0.902 0.821 0.844 

L2 0.892 0.890 0.877 

Tsubaki et al. 0.978 0.938 0.929 

GraphDTA 0.974 0.927 0.912 

TransformerCPI 0.988 0.952 0.953 

TrimNet 0.987 0.946 0.945 

Our model 0.994 0.970 0.963 

on both datasets. Due to the combination of GNN and 
transformer, our model can capture the structural information 
of  molecules and protein sequences better from both local and 
global perspectives. The tests and comparisons on benchmark 
datasets demonstrate the robustness and effectiveness of our 
proposed method.  

3.6. Ablation Study 

 To verify the efficiency of each module of the proposed 
architecture, and better understand the advantages of our 

model, we implemented the ablation study by removing each 
module of the model. The results of ablation experiments are 
summarized in Table 6. The best results are indicated by bold 
values. Specifically, for drugs, we studied the effectiveness of 
the drug transformer model; for proteins, we carried out  
research on the efficiency of the protein transformer module. 
Lastly, we also tested the performance of our model without 
both drug and protein transformers. All the ablation studies 
were performed on the two benchmark datasets.  

Table 6. Results of ablation studies on the Human and C.elegans datasets. 

 

Model 

Dataset 

Human C.elegans 

AUC Precision Recall AUC Precision Recall 

Without drug transformer 0.979 0.952 0.916 0.990 0.962 0.933 

Without protein transformer 0.977 0.942 0.944 0.988 0.956 0.936 

Without drug and protein transformer 0.970 0.940 0.923 0.989 0.962 0.928 

Our model  0.987 0.960 0.955 0.994 0.970 0.963 
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 As shown in Table 6, our proposed model architecture 
resulted in overall better performances in three metrics on two 
benchmark datasets. Among them, drug transformer 
contributed to performance improvement (0.008, 0.004) of the  
AUC on both datasets, respectively. And the protein 
transformer led to an improvement (0.010, 0.006) of the AUC 
on both two datasets, respectively. When two transformer 
architectures were ablated simultaneously, the performances 
revealed a more obvious decline on both two datasets. The 
results showed that both the drug and protein transformer 
module are necessary for our model. It can be concluded from 
these results that the transformer efficiently retained the 
information of both drug compounds and protein targets, and 
the feature extraction ability was also improved by solving the 
drawbacks of the loss of molecular edge information. This is 
one of the main reasons why our model can improve the  
performance of DTI prediction.  

CONCLUSION 

 In this research, we proposed an end-to-end deep learning 
framework combining a graph neural network and 
transformer for predicting DTIs, and obtained a model 
revealing considerable performance on benchmark datasets. 
Our model takes the molecular graphs of drugs and sequences 
of proteins as input. A convolutional neural network with 
three different layers  and a graph convolutional neural 
network was utilized as feature extractors of drugs and 
proteins, respectively. We then obtained the final data 
representations by two transformer architectures, and the 
prediction results were output. Experiments on benchmark 
datasets indicated our model’s ability to correctly predict the 
interaction between given drug compounds and protein targets. 
By combining the two different architectures, we 
compensated for the shortcoming of previous graph-based 
models that neglect the edge information, i.e., the 
relationships between atoms. On the other hand, the multi-
head attention layer in the transformer can also capture the 
residue features of proteins from sequences. It also 
demonstrated the capability of applying transformer in DTI 
prediction methods.  

 Since the 1D amino acid sequences of proteins cannot 
carry key information, such as neighbor information in protein 
three-dimensional space, using 3D protein structure may 
further improve the prediction performance. Moreover, deep 
learning models are dependent on data volume. In general, 
deep learning-based models perform better with larger 
datasets. Therefore, in the future, we will focus on using 3D 
structure to represent proteins to better understand the 
interaction principle and process between drug compounds 
and protein targets, and test our model on larger benchmark 
datasets to further improve the generalization of the method.  
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