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KGCNA-CNN-BiLSTM：Knowledge graph and hybrid neural 

networks for drugs association prediction 

Shuang Liu,  Xiaomin Zhu 

(Department of Computer Science and Engineering, Dalian Minzu University , Dalian 116000, Liaoning,China) 

Abstract Drug association (DDIs) prediction is also called drug interaction prediction, which 

refers to the interactions between drug and drug that lead to unexpected side effects when two or 

more drugs are taken simultaneously or successively. Previous studies on DDIs prediction using 

methods such as molecular representation and network embedding were extremely complex, 

expensive and time-consuming, and were limited in acquiring rich neighborhood information about 

drug entities and their surroundings during the forecasting process. A drug linkage prediction 

method based on knowledge graphs and hybrid neural networks was proposed based on the 

deficiencies of the above methods. This method is mainly based on methods such as knowledge 

graphs, graph convolutional network, Convolutional-BiLSTM network and attention mechanisms 

to solve the limitations in acquiring rich neighborhood information about KG entities during the 

forecasting process. It transforms drug linkage prediction research into a link prediction problem 

and views drug relationships with known interactions as edges in the interaction graph. It can 

effectively discover interactions of unknown drugs; meanwhile, performance comparisons are 

performed with existing DDIs prediction methods. The results show that higher performance is 

achieved in terms of indicators such as ACC and F1 values, which validate the effectiveness of the 
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model. Finally, future directions in this field are proposed based on an analysis and summary of 

challenges faced by current DDIs predictions. 

Keywords drug association prediction, link forecasting, knowledge graph, graph convolutional 

network, Convolutional-BiLSTM network, attention mechanism 

1 Introduction 

Drug association prediction is the application of link prediction that is important in the 

biomedical field, as shown in Figure 1: it refers to the simultaneous or sequential application of two 

or more drugs, under the participation of body factors, drugs because of interactions between each 

other and the occurrence of pharmacokinetic or pharmacodynamic changes[1], and clinically 

manifested as enhanced drug efficacy and aggravation of toxic side effects (reduced drug efficacy 

and reduced toxic side effects). As the probability of various complications gradually increases, the 

combination of medication has become a standard method for patients to treat diseases. However, 

after the use of drugs, those mentioned above, similar adverse reactions threatened the health and 

life of patients. 

 

Figure 1. Drug association forecast introduction. 



3 

 

Data from the US Centers for Disease Control and prevention from 2016 to 2022 shows that 

43.9% of Americans used more than five medications in the past 30 days, compared with only 10.3% 

using polypharmacy prior to this, illustrating that polypharmacy plays an important role in the 

medical treatment. In 2022, the adverse drug reactions in China showed the adverse effects of 

damaging body organs, as shown in Figure 2. 

 

Figure 2. 2022 Pharmaceutical adverse reactions and organ system conditions 

To prevent the potential threats and risks of DDIs on human health and improve the safety of 

drug combinations used[2], the prediction of DDIs is worthy of intensive research. Traditional 

prediction methods for DDIs rely on the results of data analysis after the drugs have been marketed, 

are time-consuming, and require statistical analysis of the data accumulated from drug use to obtain 

results. DDIs prediction significantly reduces the research scope of safety pharmacology and 

pharmaceuticals and reduces costs. The significance of this prediction is as follows: 

（1）DDIs predictions can improve the chances of new adverse drug interaction discovery. By 

predicting a new DDIs role in advance, the drug development department or the drug safety 

department professionals can experiment with the expected drug pair to improve the efficiency of 

drug developers significantly. 
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（2）DDIs predictions can improve new drug development efficiency and safety. Through the 

fusion of the chemical structure information of the drug, DDIs predict that many medications have 

common chemical structure molecules, which will interact with some drug medicines. As a result, 

some high-risk chemical molecular structures intentionally avoiding these structures during drug 

development can reduce the chance of this to a certain extent. 

（3）DDIs predictions can enhance the safety of personalized drug treatment plans. When 

recommending drugs for patients, adverse effects of the recommended and being taken can lead to 

severe consequences if the patient's medical history and medication status are not considered. DDIs 

prediction can recommend personalized treatments for patients based on their medical records, 

avoiding severe health threats to patients. 

2 Related Work 

DDIs prediction research will help the clinical research stage of drug research and development. 

The current DDIs method has the following: 

（1）DDIs prediction based on similarity  

This method mainly focuses on feature learning of drug molecules, representing those with 

similar embeddings that would exhibit similar DDIs performance, learning the similarity of drugs 

from multiple perspectives. It includes molecules' structural characteristics and other attribute 

characteristics to obtain a complete molecular representation[3].However, the disadvantages are 

limited to the expression learning of drug molecules themselves, which in most cases depends on 

the knowledge of relevant fields[4]. As shown in Figure 3: Assuming that drug A and drug B have 

similar molecular structures, it can be inferred that similar DDIs occur in drug B and drug C if drug 
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A and drug C interact. 

 

Figure 3.  Drug association prediction method based on molecular similarity 

（2）DDIs prediction based on network embedded 

This method considers drugs as nodes to design the DDIs action relationship between drug 

nodes by building a biological network related to drugs[5]. The method is shown in Figure 4: there 

are also many methods to construct a mapping relationship network, such as matrix decomposition 

and random walk. Such methods aim to predict the label side between drugs, which only focuses on 

a single DDIs relationship and does not consider other drug-related relationships. 

 

Figure 4.  Predictive prediction method based on network embedded drugs 
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3 Experiment  

3.1 Datasets and Experimental Settings 

The DrugBank dataset contains 13791 drug entries, including 2653 approved small molecule 

drugs, 1417 approved biotechnology drugs, 131 nutrition products and 6451 experimental drugs. 

The KEGG dataset is a comprehensive database of drug-related information that distinguishes drugs 

according to chemical results and different chemical components. The basic statistics of the used 

datasets are summarized in Table 1. 

Table 1  data set introduction 

 Drugbank KEGG 

 Drugs 2,578 1,925 

Interactions 12,388 56,983 

Entities 2,129,712 129,910 

Relation Types 72 167 

KG Triples 7,852,852 362,870 

We compare KGCNA-CNN-BiLSTM against a variety of baselines which can be categorized 

as follow. The hyper-parameter settings of the two datasets are summarized in Table 2. 

 Table 2  The hyper-parameter settings for the two datasets 

Parameter Setting Parameter Setting 

neighbor sampling size 4 learning rate 2e-1 

dimension ofembedding 32 self.batch_size 70000 

regularizer weight 2 self.n_epoch 50 
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learning rate 1e-7 self.checkpoint_verbose 1 

3.2 Main Results  

The KGCNA-CNN-BiLSTM-DDIs performance is evaluated through the two datasets of 

DRUGBANK and KEGG: the DDI approved by 8: 1: 1 is randomly divided into training, 

verification, and test sets. Sample replacement is used as a negative sample for model training. In 

terms of evaluation indicators such as ACC[22] and F1 value[23], compared with the current baseline 

method, it proves the model's effectiveness. MLP[24]，Deepwalk[25] and other methods are selected 

as experimental benchmarks on the Drugbank data set.  

In this section, we compare the performance of the proposed method with the baselines. Tables 

3 and 4 reports the average ACC and F1 scores across 67 runs on DrugBank and KEGG datasets, 

respectively. From the tables, we found that KGCNA-CNN-BiLSTM-DDIs significantly 

outperform the baselines across the two datasets. Specifically, it achieved at least 25% on ACC and 

21% on F1 in DrugBank datasets. In addition, it reached at least 10% on ACC and 11% on F1, higher 

performance than other methods in KEGG datasets. The experimental results are shown in Table 3: 

Table 3  Table of Drugbank datasets on each model experimental results 

Methods ACC F1 

MLP (Rogers and Hahn, 2010) 0.61 0.81 

DeepWalk (Perozzi et al, 2014) 0.64 0.76 

Line (Tang et al, 2015) 0.60 0.68 

Node2vce (Grover and Leskovec, 2016) 0.75 0.71 

PRD (Wang, 2017) 0.70 0.80 

Decagon (Zitnik et al, 2018) 0.67 0.87 
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GAT (Velickovic et al, 2018) 0.73 0.77 

SkipGNN (Huang et al, 2020b) 0.59 0.80 

KG-DDIs（Karim et al,2021） 0.71 0.70 

KGCNA-CNN-BiLSTM  -DDIs（2022 Ours） 0.86 0.82 

In the Drugbank dataset, the KGCNA-CNN-BiLSTM-DDIs method improved ACC metrics 

by 25%, 22%, 26%, 11%, 16%, 19% 13%, 27%, and 15%, respectively, compared with other 

benchmark methods. In addition, in F1 indexes compared with other benchmark methods, the 

improvement was 1%, 6%, 11%, 1%, 5% ,2%and 12%, respectively. Then select Struc2vec[26], 

DeepDDIS[27],KG-DDIs[28]and other methods on the KEGG dataset to compare the results of the 

experimental benchmark.The experimental results are shown in Table4: 

Table 4  Experimental results of each model on the KEGG dataset 

Methods ACC F1 

Laplacian（Belkin and Niyogi,2013） 0.80 0.80 

DeepWalk (Perozzi et al, 2014) 0.85 0.85 

GreRepGraRep（Cao etal, 2015） 0.87 0.87 

LINE (Tang et al, 2016) 0.86 0.86 

SDNE(Wang et al, 2017) 0.86 0.85 

GAE(Kipf and Welling, 2018) 0.75 0.78 

Struc2Vec (Ribeiro et al, 2019) 0.84 0.84 

DeepDDIs (Ryu et al, 2020) 0.82 0.79 

KG-DDIs（Karim et al,2021） 0.81 0.81 

KGCNA-CNN-BiLSTM  -DDIs（2022.Ours） 0.90 0.90 
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In the KEGG dataset, compared with other benchmark methods, the method has improved 

ACC indicators by 10%, 5%, 3%, 4%, 4%, 15%, 6%, 28% and 9% respectively. In addition, the F1 

index is increased by 1%, 6%, 14%, 11%, 2% and 5% respectively compared with other benchmark 

methods. 

This is because KGCNA-CNN-BiLSTM-DDIs explore drug features and related entities in the 

knowledge graph, while the others like Laplacian, DeepWalk, and struc2vec only learn from similar 

drug features. Compared with LINE-based methods, which leverages graph features with similar 

connections for DDI prediction, it also achieved superior results. This is due to the fact that the drug 

embeddings in KGCNA-CNN-BiLSTM-DDIs can better capture the semantic similarity of relations 

than the graph embeddings used in NN-based methods. Moreover, compared to DeepDDI and KG-

did, it achieved stable performances across datasets, and our three variants all achieved similar 

results. This is a very encouraging result. The reason could be that compared to DeepDDI, our 

method jointly considers topological neighborhood structures and related entities in the knowledge 

graph, which benefits the performance. It compared to KG-did, our model incorporates the GCN 

model to obtain the topological neighborhood representations of drugs and related entities, which 

can obtain more high-order structures and semantic relations than embedding-based methods for 

modeling drugs between drug pairs. 

3.3 Analysis 

The model's training process in this paper on the DrugBank dataset is shown in Figure 5 and 

Figure 6, which is the model's curve of ACC and F1 values. It can be seen from the figure that the 

ACC and F1 values of the front part of the model training increase rapidly, and the subsequent 

constant fluctuations seek the optimal local value and gradually become stable. 
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         Fig.5  ACC value graph on the DrugBank dataset 

 

     Fig.6  F1 value graph on the Drugbank dataset 

The model's training process in this paper on the KEGG dataset is shown in Figure 7 and Figure 

8, which is the model's curve of acc and F1 values. It can be seen from the figure that the acc and 

F1 values of the front part of the model training increase rapidly, and the subsequent constant 

fluctuations seek the optimal local value and gradually become stable. 
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Fig.7  ACC value graph on the KEGG dataset 

 

Fig.8  F1 value graph on the KEGG dataset 

3.4 Case Study 

The experimental results found that KGCNA-CNN-BiLSTM-DDIs achieved the best effect on 

both datasets. In addition to the above experiments, this article also sets up several key parameters: 

the impact of critical parameters such as K, H, D and other vital parameters on the proposed model 

performance. When studying one of the parameters, other parameters are fixed. First, change the 
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size of the neighborhood. The result is shown in Figure 9:K=16 is the best performance. Explain 

that if the number of neighbor nodes is too small, the information the neighborhood can contain is 

insufficient. 

 

Figure 9. The impact of the size K on model on the model 

Secondly, by setting the depth parameter H, the H value is set to 1 to 6, and the effect of research 

H on model performance. The experimental results are shown in Figure 10: It can be seen from the 

figure that when h = 2 can learn more features, the model performance is the best when the H = 3 

model performance begins to decrease.  

 

Figure 10. The effect of perception domain h on the model 

Finally, the impact of the inspection embedded dimension D changes from 8 to 512. As shown 
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in Figure 11, D = 32 and 64 influence the model the most. It improves its learning ability by setting 

the appropriate dimension size. If the value is too large, it will bring overfitting. 

 

Figure 11. A sensitive analysis of the sample size K in the neighbor 

3.5 Ablation experiments 

In this paper, the ablation experiment is designed to analyze differently better. The influence 

of the module on this prediction is verified, as shown in Table 5. The influence of Graph convolution 

neural network, Convolutional BiLSTM,and Attention mechanism on the experimental results is 

discussed. 

Table 5. The influence  

 ACC 

（Drugbank） 

F1 

（Drugbank） 

ACC 

（KEGG） 

F1 

（KEGG） 

KGCNA-CNN-BiLSTM   0.86  0.82  0.90 0.90 

KGA- ConBiLSTM   0.82 0.79 0.872 0.881 

KGCNA 0.855 0.81 0.868 0.892 

ConBiLSTM-A 0.84 0.815 0.883 0.895 

The results of this ablation experiment illustrate that the model proposed in this paper can 
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thoroughly combine the advantages of three kinds of graph convolutional neural networks, 

convolutional-BiLSTM and attention mechanism to improve the prediction effect of DDIs of the 

whole model. Compared with other benchmark models, our model uses KGCNA-CNN-BiLSTM  

-DDIs to enable Convolutional-BiLSTM   to first process the interacting drugs into sequence form, 

which can capture the long-distance dependence and location information of the original text and 

learn the protein representation of the amino acid sequence composition of drugs through 

Convolutional-BiLSTM recurrent neural network, thus enriching the feature extraction process. 

Additionally, the KGCNA-CNN-BiLSTM-DDIs DDIs attention mechanism-based feature method 

can simultaneously capture entity and relationship features in the neighborhood of any given entity. 

Both relationship clustering and multi-hop relationships were encapsulated in the model, thus 

capturing the information and association features in the multi-hop neighborhood of a given drug. 

4 Conclusion 

DDIs drug association forecast is one of the important topics of public health and drug safety 

monitoring. This article focuses on the background of the prediction of drug associations and the 

problems and significance of the existing DDIs prediction. The model of this article first applies the 

diagram curl network to the knowledge map. At the same time, the topology information of the drug 

entity in the knowledge map and the associated semantic information attached to it will help the 

clinical research stage of drug research and development. It can greatly help doctors to avoid side 

effects or adverse reactions when combined with medication, which has unusual significance for 

the clinical treatment of drugs. It can be seen from the research results in recent years at home and 

abroad that more and more researchers have conducted profound DDIs research through multi-

channel, multi-method and multi-angle. In summary, this article blends the GCN model and 
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knowledge map and introduces the Convolutional-BiLSTM and attention mechanism models to 

DDIs prediction research value. 

5 Methods 

This paper begins by incorporating graph convolutional neural networks into knowledge maps 

to effectively solve the problem that only two drugs traditionally can be derived if they interact. 

Then, the Convolutional-BiLSTM network is introduced to enable the entity feature vector to fuse 

all neighborhood entity and relationship features, enriching the feature extraction process. Finally, 

introducing attention mechanisms can better capture the information and association features in a 

given multi-hop neighborhood, improving the drug association prediction quality. 

5.1 Knowledge Graph 

The KGCNA-CNN-BiLSTM method combines the knowledge map with the graph 

convolution network for drug association prediction. It better solves complex problems in the 

medical field by combining knowledge and data. The knowledge atlas is developed from a semantic 

network. A directed graph is constructed by representing entities as nodes and semantic relations 

between entities as edges connecting nodes[6]. That is, knowledge is represented as a more intuitive 

network structure. This way of representing data through graph structure enables computers to 

organize and manage a large amount of information data more efficiently and further realize vector 

embedding, retrieval, prediction and reasoning of knowledge[7]. An example of knowledge map is 

shown in Figure 12： 
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Figure 12.  an example of knowledge graph 

5.2 Graph Convolutional Network 

The graph convolutional network is introduced into the knowledge map to sample the 

neighborhood of each node and aggregate the neighborhood information to obtain the entity-

embedded representation. The graph neural network is introduced into the knowledge map to sample 

the neighborhood of each node and aggregate the neighborhood information to obtain the entity-

embedded representation[8].The model is shown in Figure 13: 
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Figure 13.  graph convolutional network 

5.3 Convolutional-BiLSTM Network 

Convolutional-BiLSTM networks can be used as a module by more complex structures, such 

as a coding network and a prediction network, where the initial state and cell output of the prediction 

network are copied directly from the last state of the encoding network. The network is mainly 

composed of several Convolutional-BiLSTM layers. Because the predicted target is the same as the 

input dimension[9], all states are spliced in the prediction network, and then the final prediction is 

generated through the convolution layer. Encoding's BiLSTM compresses the entire input sequence 

into a hidden layer state tensor, then predicts BiLSTM to expand the hidden layer state, giving the 

final prediction. Its input is an M * N grid, and the channel size of each grid is P. That is, the input 

is a 3D tensor. Padding will be used during convolution to ensure that these states have duplicate 
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rows and columns as the input. The padding of hidden layer boundary points is calculated using the 

external world's state[10]. Before the first input, all States of the BiLSTM to be initialized are 0. If 

we use 0-padding in the hidden layer, we set the external world state to zero and pad different 

boundary points[11]. The model is shown in Figure 14: 

 

Figure 14.  Convolutional-BiLSTM Network 

5.4 Attention mechanism 

The framework introduces the attention mechanism model to capture the entity and relationship 

characteristics of the given entity multi-neighborhood so that the model can specify different rights 

on different neighbor nodes. It can avoid the excessive amount of information in collecting 

influential neighbor nodes that cause noise to affect the prediction results and achieve 

explanations[12]. In addition, it also solves the critical data of semantic vectors that cannot pay 

attention to the sequence. When the acquisition vector is sent to the network model one by one, a 

series of the coding-end will hide to participate in calculating the attention coefficient, and the 

atomicity weight integrates the atom into the molecular representation. Based on the characteristics 

and methods of attention mechanism, the entity and relationship characteristics can capture 

simultaneously in any given entity. It can be encapsulated in the model association characteristics[13]. 
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Provide compelling insights for DDIs prediction. The model is shown in Figure 15: 

 

Figure 15.  Attention Mechanism Model 

6 The Proposed KGCNA-CNN-BiLSTM   

This article proposes the following improvement ideas based on the traditional method: 

combining the knowledge map technology with the convolutional neural network. At the same time, 

the Convolutional-BiLSTM network and the attention mechanism are introduced to realize the drug 

interaction prediction[14].The overall model framework is shown in Figure 16: 
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Figure 16.  Overall model framework 
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Drug-related prediction technology routes based on this model have been divided into four 

parts: (1) extraction of DDIs drugs. (2) Construction of the knowledge graph. (3) Model Framework 

Part: Combining diagram curly neural networks, Convolutional-BiLSTM networks with the 

Attention model, and then combined with drug-associated predictions. (4) Drug-Drug similarity 

Calculation: Calculate the similarity of the two drugs through the predictive module of drugs and 

drugs and feedback on the interactive output value. 

6.1 Problem Formulation 

(1) Based on BIO2RDF Knowledge Graph Construction: Use the BIO2RDF[15] tool to build a 

link data network. Based on transmission definitions, obtain data from different format data sources, 

and create link data compatible with the RDF data format. Convert the data to the three yuan group 

format to build the knowledge map. 

（2）Methods based on knowledge maps and diagrams: Some of the previous DDIs calculation 

methods tend to combine advanced embedded techniques, try to use automatic learning drugs, and 

then model DDIs through operations such as matrix decomposition and random walking. Because 

DDIs modeling does not consider other correlations, in response to this problem, the prediction 

problem is defined as a link prediction problem on the graph. It is extended to the neural network 

method on the graph structure to be embedded in non-linearly learning nodes. In addition, a potential 

DDIs relationship is obtained by reconstructing a new adjacent matrix or reconstruction of the link 

on the new graph. Based on the knowledge diagram, the model introduces the diagram convolutional 

neural network for drug association prediction[16]. Borrowing the diagram convolutional neural 

network is sampled from each node, and the entity embedded by the neighborhood information is 

obtained by aggregating neighborhood information. The intellectual sheet generated by the three 
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yuan group in the DDIs prediction research combination achieves better prediction results. Effective 

capture of KG Chinese drug pairs of high-level neighborhood topology verification based on 

knowledge maps and diagram convolutional neural networks have advantages and effectiveness in 

DDIs prediction tasks. 

（3）Methods based on the Convolutional-BiLSTM network model: Because the existing 

method has the problem of insufficient path structure and noise in the path, it will adopt a long and 

short-term memory network Convolutional-BiLSTM to capture the way characteristics 

comprehensively. The design is based on the Convolutional-BiLSTM model and attention 

mechanism Multi-path fusion algorithm. Introduce the Convolutional-BiLSTM network to learn the 

drug atom's protein sequence of amino acids, which is expressed by enriching the feature extraction. 

At the same time, combined with the local sub-structure structure and the global path structure, joint 

reasoning, fully tap and use the diagram structure information of the knowledge map, and verify the 

effectiveness of prediction through experimental verification of the Convolutional-BiLSTM 

network. 

（4）Based on the method of attention mechanism attention: Due to the lack of power building 

capabilities, noise, noise, and the traditional way of knowledge map link forecasting, it is not 

adequate to learn the entity during the prediction of the knowledge map link forecasting. The rich 

semantics and potential relationship information exist in the neighboring domain. Based on the 

knowledge map convolution network and Convolutional-BiLSTM,the attention mechanism is added 

to obtain the ternary group information associated with each entity. With attention to the impact of 

different neighborhood triad groups on the target entity, the characteristic vector of the physical 

features with attention weights is used to make the biological feature vector integrate all neighboring 
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physical characteristics and their corresponding relationship features. Finally, calculate the 

similarity of the two drugs and feedback on the interactive output value, and perform DDIs 

prediction. 

6.2 DDIs Extraction 

Filter the data required from the data set for drugs for extraction; DDI extraction mainly uses 

Drugbank[17] and KEGG[18] datasets, first screening out the database. In the analysis of the DDI 

matrix format, each line has three columns. The first two columns represent the code number of the 

two drugs in the dataset.” DB” represents the data set from Drugbank, and the third column 

represents the label. When the Lable is equal to "1", it indicates an interaction relationship between 

the two drugs; When the Lable is equal to "0", it does not exist. The model is shown in Figure 17: 

 

Figure 17.  DDI matrix 

6.3 KG Construction 

KG Construction: Data uses the BIO2RDF tool[19] to build a link data network. After obtaining 

the data from different format data sources, the data format data compatible with the data format of 

the RDF[20] data is received. Treat the dataset as a ternary group and create about 5 billion RDF 
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ternary groups[21] for constructing the knowledge graph. The knowledge is shown in Figure 18: 

 

Figure 18.  Knowledge graph 

Select the constructive knowledge map for the knowledge diagram. It is known for constructing 

and generating the pharmaceutical diagram by crawling the Drugbank database pharmaceutical 

relationship data set. The expected effect is shown in Figure 19: 

 

Figure 19.  Given knowledge graph 

6.4 KGCNA-CNN-BiLSTM Layer 

First, the information input model is used to obtain the characteristics of drugs and their related 
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entity neighborhoods. The models transported first GCN models: 

（1）Use the constructed knowledge map and DDIs matrix as input. After the input is obtained, 

the neighbor sample must be sampled for the drug entity. Then converge the information as the input 

of the following network. When h =1, consider only neighbor nodes directly connected to the current 

node. When h =2, consider the second-order node situation, and you can learn more about the 

physical information of the neighborhood. After the sampling is completed, the embedded 

representation of the entity and the neighborhood information is aggregated by the aggregation 

method. The embedded representation of the current entity is finally obtained.The drug 

characteristics will go through a linear transformation and a layer of GCN, and then there will be an 

interactive process between the two pictures. The formula is as follows: 

ℎ𝐼 𝐼1 =𝐹1(ℎ𝐼0𝑊𝐼0)                             （1） 

ℎ𝐼 𝐷 1 =𝐹1(ℎ𝐼0𝑊𝐼′0)                            （2） 

ℎ𝐷 𝐷 1 =𝐹𝐷(𝐻𝐷0𝑊𝐷0)                            （3） 

ℎ𝐷 𝐷 1 =𝐹𝐷(𝐻𝐷0𝑊′𝐷0 )                            （4） 

(2)It is the diagonal matrix, D is the degree matrix, and W is the training weight matrix. Before 

activating the function, the modules on the left and right sides should be interacting and fusion of 

information. The formula is as shown below: 

  ℎ𝐼 1=𝜎ℎ𝐼𝐼0 +𝜎𝑊𝐼0                           （5） 

ℎ 𝐷1 =𝜎ℎ𝐷𝐷1 +𝜎𝑊𝐼0                          （6） 

(3)After aggregating the upper GCN model as input, the neighbor information is used as input, 

and the Convolutional-BiLSTM model is used to mine the drug serialization. Before using the 

Convolutional-BiLSTM model, the long-distance dependency relationship and location information 
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is represented by the protein composed of a pharmaceutical amino acid sequence through the 

Convolutional-BiLSTM cycle neural network and the process of rich feature extraction. 

𝐻 𝑡 = 𝜎(𝑊 𝑥ℎ ∗ 𝑋 𝑡 + 𝑊 𝑦ℎ ∗ 𝐻 𝑡 + 𝑊 𝑐ℎ ∗ 𝐶 𝑡) + 𝑏ℎ               （7） 

𝐹 𝑡 = 𝜎(𝑊 𝑥𝑓 ∗ 𝑋 𝑡 + 𝑊 ℎ𝑓 ∗ 𝐹 𝑡 + 𝑊 𝑐𝑓 ∗ 𝐶 𝑡) + 𝑏 𝑓              （8） 𝐶 𝑡 = 𝜎(𝑊 𝑥𝑐 ∗ 𝑋 𝑡 + 𝑊 ℎ𝑐 ∗ 𝐹 𝑡 + 𝑊 𝑐𝑐 ∗ 𝐶 𝑡) + 𝑏 𝑐                （9） 

   𝑂 𝑡 = 𝜎(𝑊 𝑥𝑜 ∗ 𝑋 𝑡 + 𝑊 ℎ𝑜 ∗ 𝐹 𝑡 + 𝑊 𝑐𝑜 ∗ 𝐶 𝑡) + 𝑏 𝑜              （10） 

      Z=𝑂 𝑡 ∗tanh(𝐶 𝑡)                           （11） 

（4）Attention mechanism layer:Input the upper-layer output as an attention mechanism model, 

and design an attention mechanism for each feature diagram to effectively capture the importance 

of local and global neighbors and the local and global representations of learning nodes. Use formula 

calculation to score: 

①For a node, the node directly connected to the node in the figure is defined as a local 

neighbor. Considering that the importance of different neighbors is different, the nodes are learned 

through the design attention mechanism: 

   𝑎𝑚𝑛𝑙 (𝑣𝑚, 𝑣𝑛)=f(𝑊𝑎,𝑎′𝑚  , 𝑊𝑎,𝑎′𝑛 )                   （12） 

𝑎𝑚𝑛𝑙 indicates that the importance of neighbor 𝑣𝑚 to 𝑣𝑛 is the attention score，𝑣𝑚 represents 

the special n-dimensional vector of gene m, f (·) represents a single layer feed neural network and 

W represents the weight matrix of the learning right.  

②The formula is performed as follows:  ∝𝑚𝑛𝑙 = exp (𝑎𝑚𝑛𝜄 )∑ exp (𝑎𝑚𝑥𝑙 )𝑥𝜖𝑁𝑚𝑛                         （13） 

∝𝑚𝑛𝑙  represents the attention scoring after the normalization, x represents the selected node, 

𝑁𝑚𝑛   represents the global neighbor set of the node and 𝑎𝑚𝑥𝑙   represents the calculated attention 
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score. 

③At the same time, 𝑣𝑖 based on the representation of local neighbor information aggregation 

nodes, the formula is shown below: 

𝑔𝑚𝑙 =∅(∑ 𝛼𝑚𝑛𝑙𝑛𝜖𝑁𝑚𝑛 . 𝜔1𝑦𝑔𝑛)                    （14） 

𝑔𝑚𝑙  represents the overall situation of the node, 𝑁𝑚𝑛  represents the global neighbor's set of 

nodes, 𝜔1𝑦  represents the weight shared by local global neighbors and 𝑔𝑛  represents the 

representation of local neighbors. 

④Due to the unstable attention coefficient, a single node attention mechanism may 
introduce noise. The formula is as follows: 

𝑔𝑚𝑙 =∐ = ∅(∑ . 𝑊1𝑦𝑛𝜖𝑁𝑚𝑛 𝑔𝑛)𝑦𝑦=1                   （15） 

𝑁𝑚𝑛  indicates the global neighbor set of nodes. 

6.5 DDIs Prediction 

To predict DDIs, potential representations of output drugs and neighboring topology 
information between the current drug pair. Translate the medication into multiple types of 
feature vectors, and use different similarities to calculate the similarity of various drugs and 
drugs based on the characteristics to obtain DDIS similarity measurement and compare the 
two similarities to other features. Calculate the score by the score function, the output 
interaction prediction value. 
⑤ Use three full connection layers to perform DDIs predictions and use cross-entropy loss： 

              𝐿1=-1𝑁 ∑ [𝑦𝑖𝑗𝑖𝑗 𝑙𝑜𝑔𝑝𝑖𝑗+(1-𝑦𝑖𝑗) log (1 −𝑃𝑖𝑗)]               （16） 

⑥ In order to avoid overfitting conditions, 𝐿2 regular regularity： 

𝐿2= 𝜆2𝑁 ∑ 𝑤2𝑤                            （17） 



28 

 

λ is a super-recession, W is the element in each training parameter matrix, and the final total 

Loss is this: 

In summary, the limitations of the existing DDIs prediction methods inspire us to find new 

improvements or models for this research. 

Loss=𝐿1+𝐿2                            （18）   
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