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PREDICTION OF DRUG-TARGET INTERACTION USING 

BIPARTITE LOCAL MODELS AND 

K-NEAREST NEIGHBOR 

Abstract: 
  Computational prediction of drug-target interaction is an essential task with various applications in 

the pharmaceutical industry. The drug-target interaction is being evaluated using biochemical validation of 

hypothesized drug interaction which is considered time-consuming, laborious and expensive. To overcome 

the restrictions of the traditional approach there are machine learning based drug-target interactions 

prediction methods. In this work, the Bipartite Local Model (BLM), one of the most prominent machine 

learning technique is used in interaction prediction. In particular, BLM with a hubness-aware regression 

technique and k-nearest neighbor method is used. Similarity between drugs and target is identified using 

Tanimoto coefficient and Smith Waterman score method respectively. The results are then processed using 

the BLM to predict the interaction between the drug and the target. In this method, the interaction with 

multiple set of features like Chemical, genomic and interaction features are predicted. Then, hubness-

aware regression is used to rectify the error that may occur while applying BLM. KNN is then applied on 

to the results obtained through BLM so as to identify the value and understand the nearest of the 

interaction predicted using BLM. Finally the accuracy of the drug-target interaction is evaluated and also 

the drug-target pair is identified. 
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I.     INTRODUCTION 
Drug Target Interaction (DTI) defines 

association or reaction of drugs on target. 

Identifying potential interactions between drugs 

and targets is crucial for modern drug discovery 

and repurposing. Chemical compounds and protein 

sequences are collected from KEGG database. 

Similarity between drugs and target is identified 

using Tanimoto coefficient and Smith Waterman 

score method respectively. In this method, the 

interaction with multiple set of features like 

Chemical, genomic and interaction features are 

predicted. The interactions between drugs and 

targets is accepted or ignored according to its 

similarities. K-Nearest Neighbor is used to predict 

the drug-target pairs. 

II.     RELATED WORK 

Jian-Ping Meiet et al. [1] used a supervised 

learning approach called Bipartite Local Model 

(BLM) is employed for effective prediction of drug-

target interactions. However, the "local" model is 
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not capable of making decisions for drug-candidate 

compounds or target-candidate proteins that 

currently have no known interactions available, and 

therefore BLM can fail to make correct prediction 

when involving such new candidates.Thus an 

intuitive solution to the new candidate problem of 

BLM by integrating a NII procedure was proposed. 

It infers training data from neighbour’s interaction 

profiles. Through systematic experiments with 

benchmark datasets, the effectiveness of BLM-NII 

for predicting interactions between new drug-

candidate compounds and new target-candidate 

proteins was demonstrated allowing all neighbours 

to participate in training data inferring. To allow 

only neighbours with large similarities to contribute, 

a threshold was used to reduce the impact of those 

non-important neighbours to 0. Alternately, a 

Gaussian function was introduced to gradually 

decrease the influence of neighbors based on their 

distances to the new drug-target candidate in query. 

In the current work, only the NII procedure is 

applied for those completely new candidates that 

have no existing training data at all, and the results 

were good enough to show the usefulness of NII. 

As it is very common for drugs to activate or inhibit 

only a small number of targets and targets only to 

be activated or inhibited by very restricted drugs, 

the NII technique may also be applied to drugs and 

targets that do not have adequate training data. Four 

more accurate prediction models may be built by 

using neighbour’s information to enhance the 

limited training examples. However, too much 

emphasis on neighbors tends to eliminate the local 

characteristics of each drug and target and could 

cause deterioration in the prediction performance. 

Moreover, the balance between local information 

and global information in model learning can also 

be explored. 

. F. Cheng et al. [2] used drug-target 

interaction (DTI) is the basis of drug discovery and 

design. Visualization of network of associations 

between drug-target, target-disease and disease 

gene could provide useful information to detect new 

therapeutic indications or adverse effects of old 

drugs. If the protein is a known target of that drug, a 

link is placed between a drug node and a target 

node. The size of the drug node is the proportion of 

targets the drug has with established experimental 

evidence.  

Y.Wanget al. [3] declared the silico prediction of 

drug-target interactions plays a major role in the 

detection and development of new applications of 

illegal or discarded drugs. Our approach uses an 

RBM model to effectively encode multiple sources 

of information about DTIs and accurately predict 

different types of DTIs, such as drug-target 

relationships or drug modes of action. Tests on two 

public databases showed that our algorithm can 

achieve excellent prediction performance with high 

AUPR scores. 

III. PROPOSED FRAMEWORK 

In this approach, the benchmark dataset 

containing chemical compound and protein 

sequence. Chemical compound structures are 

collected from KEGG LIGAND database. Protein 

sequences are collected from KEGG GENES 

database. The input has four components which are 

to processed are enzyme, ion channels, G-protein 

coupled receptors and nuclear receptors. The first 

step is preprocessing. This process involves the 

modification of predefined codes incases of 

negative values much beyond the limit. It is also 

used to ignore the negative, exponential terms 

involved. If there any negative or exponential terms 

are involved, normalization to zero has to be done. 

The second step is to find the similarities in 

chemical components and smith-waterman score 

method to find the similarities in protein target. 

Bipartite local models are used. It is an architecture 

which involves two levels of prediction. 
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Fig 1 Overall system Architecture 

The first level of prediction uses weighted method 

and the first level is predicted. K-nearest neighbor 

method is applied along with error correction. 

Hubness-aware regression is used as error 

correction method along with K-nearest neighbor 

method. The K-nearest neighbor method will 

provide the prediction of dreug-target interaction. 

The interactions of drugs and targets are carried out 

and the features available are identified. The 

required Drug Target Interactions (DTI) are 

obtained. Fig 1 represents overall work flow of the 

proposed system. The proposed system consists of 

five modules.  

1. Data Preprocessing 

2. Identification of tanimoto coefficient for 

chemical compounds and smith-

waterman score for protein sequences. 

3. Determining Drug-target interaction 

using bipartite local models. 

4. Error correction by using hubness-aware 

regression. 

5. Predicting efficient DTI using k-nearest 

neighbor and evaluating its accuracy. 
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IV.     METHODOLOGY 

A. Preprocessing 

The first module is pre-process. There are two 

tasks are involved. 

1) Identify and remove empty cells in 

the data. 

2) Identify and remove negative  data. 

B. Similarity Measures 

The entire document should be in Times New 

Roman or Times font.  Type 3 fonts must not be 

used.  Other font types may be used if needed for 

special purposes. second module is to find the 

similarities. In this method, drug-drug similarity is 

computed using tanimoto coefficient and target-

target similarity is computed using smith-waterman 

score method. 

 

1)  Tanimoto Coefficient:  Tanimoto coefficient method is  

used to process the chemical compounds. The chemical 

structure similarity among drugs was obtained with 

SIMCOMP. Chemical compounds are denoted as graphs. 

Calculate the similarity score according to the number of the 

common substructures between two compounds by using 

tanimoto coefficient. 
 The tanimoto similarity occurs only for a binary 

variable, and the tanimoto coefficient ranges from 0 to +1 

(where+1 is the highest similarity) for binary variables. 

 The chemical structure similarity between two 

compounds  and  can be calculated as, 

 
 The chemical structure similarity matrix of drug 

compounds is described as . It is the ratio 

between the modulus of the intersection value to the modulus 

of the union value of the respective drug compounds (  

and ). 

2)  Smith-waterman Score:  Smith-water man score 

 method is used to process the target protein sequences. The 

protein sequence similarity among targets was obtained by the 

normalized version of the Smith waterman score. Protein 

sequences are denoted as structures. Calculate the similarity 

score according to the number of the common substructures 

between two targets by using Smith-waterman score method. 

 The protein sequence similarity between two 

targets  can be calculated as, 

 
 The protein sequence similarity matrix of target 

proteins is described as . In 

which  denoted as the canonical smith waterman 

score between the target proteins and .. 

C. Bipartite Local Models 

Bipartite local models consider the drug-target 

interaction prediction problem as a link prediction 

problem in bipartite graphs. The model computes 

two independent predictions that are aggregated 

subsequently. Prediction is obtained by arranging 

the predictions as local models and calculated using 

the formula, 

 

D. Hubness-aware Regression 

This method describes the components of the 

method, such as the representation of drugs and 

targets and the projection-based ensemble. This 

method is used for error correction for the output. 

Algorithm for Hubness-Aware Local Models 

Require  : Drug-target interaction matrix I, drug-    

                  drug similarity matrix ,target-target 

                  similarity matrix, number of nearest 

                  neighbors k, ensemble size N, number 

                  of selected features . 

Ensure   :  Likelihood of drug-target interactions. 

    1: D � enhanced similarity-based     

                 representations of drugs. 

    2: T � enhanced similarity-based  

                representations of targets. 

    3: for l = 1…N do 

    4:      � random sample of D with   

                       features 
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    5:       � random sample of T with  

                        features 

    6: Predict interaction scores with BLM      

        as local model. 

    7:   end for 

    8: Aggregate the predictions that were made in 

each execution of the loop. 

E. K-Nearest Neighbor Method 

K-Nearest neighbor method is employed for 

predicting the numeric label on an instance x with 

k-nearest neighbor regression. The k-nearest 

neighbors of x (k most similar instances to x) are 

determined. Average of their labels is calculated as 

the predicted label of x. 

1)  Corrected Label:  K-nearest neighbour is to calculate 

the corrected labels of training instances. Define the 

 corrected label  of a training instance x as 

 
where, 

  � original label of instance . 

  �  set of “reverse neighbors. 

2)  Predicted Label:  Given a “new” (unlabeled) instance  

   , its predicted label  is calculated as follows: 

 

where the set of closest neighbours of   denotes . 

V.     EXPERIMENTAL RESULTS 

The drug-target interaction is predicted among 

enzyme by using these modules. The modules are 

drug-drug similarities, target-target similarities drug 

index, target protein index, drug-target interaction, 

binary relation of enzyme, drug-target pair and 

prediction of new interactions. 

A.  Drug-drug Similarities 

The similarities among Enzymes are calculated 

for determining interactions of drugs. This is done  

using Tanimoto coefficient and is shown in Fig 2. 

 
Fig. 2 Drug-drug similarities for enzyme 

B. Target-target Similarities  

The similarities among Enzyme are calculated 

for determining interactions of targets. This is done 

using Smith-waterman score and is shown in Fig 3. 

 
Fig. 3 Target-target similarities for enzyme 

C. Drug Index  

The drugs are collected and the numeric values 

are assigned to the collected drugs in ascending 

order. This drug index is shown in Fig 4. 

 
Fig 4 Drug Index for enzyme 
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D. Target Protein Index  

The target proteins are collected and the numeric 

values are assigned to the collected target proteins 

in ascending order. This target index is shown in 

Fig 5. 

 

 
Fig 5 Target Protein Index for enzyme 

E. Drug-Target Interaction Prediction  

The interaction among drugs and targets is 

measured using bipartite local models by 

considering similarity determined in previous stage. 

The following figure depicts the estimated drug-

target interaction of the enzymes. 

 
Fig 6 Drug-Target interaction predictions for Enzyme 

F. Binary Relation 

The binary relation of drug-target interactions 

among enzyme is shown in Fig 7. 

 
Fig 7 Binary Relation of Enzyme 

G. Drug-target Pair 

Based on the drug-target interaction values, 

drug-target pair is identified. The highest value of 

interaction is found and corresponding enzyme 

drug-target pair is shown in Fig 8. 

 
Fig 8 Drug-Target Pair for enzyme 

H. Prediction of New Interactions  

 K-nearest neighbor method is used to predict 

possible targets for new drugs and possible drugs 

for new targets. Prediction of new interaction is 

shown in Fig 9. 



International Journal of Scientific Research and Engineering Development-– Volume 3 - Issue 5, Sep - Oct 2020 

                                                                                                                     Available at www.ijsred.com                                  

ISSN : 2581-7175                             ©IJSRED: All Rights are Reserved Page 343 

 
Fig 9 Newly Predicted DTI for enzyme 

I. Drug-target Pair Identification  

Drug-target interaction value is predicted and 

checked whether these interaction value is valid or 

not. If the value is 1 then the predicted DTI is valid 

otherwise it is not. The validated DTI is shown in 

Fig 10. 

 
Fig 10 Drug-target pair identification 

J. Accuracy 

The accuracy of the predicted drug-target 

interaction among enzyme, ion channel, G-protein 

coupled receptor and nuclear receptor is evaluated. 

The drug-target prediction accuracy is shown in 

Table 1 and the corresponding graph representation 

in Fig 11. 
    Table 1 Accuracy of DT Prediction 

 

 

 

 

 

 
 

 

 
 

 
Fig 11 Accuracy of DT Prediction 

VI. CONCLUSIONS 

Identification potential interactions between 

drugs and targets are crucial for modern drug 

discovery and repurposing. The compound 

structures and protein sequences of drugs & targets 

are collected from KEGG databases. Initially 

similarity information among the drugs and targets 

is obtained and then computational prediction of 

drug-target interaction is done using the machine 

learning approach, bipartite local model. Bipartite 

local model is used to find the interactions between 

the chemical compounds and protein sequences by 

integrating the biological information. This model 

along with hubness-aware regression technique and 

k-nearest neighbor method is used to determine the 

drug-target pair. Error from bipartite local model is 

corrected by using hubness-aware regression and 

forwarded to k-nearest neighbor. K-nearest 

 Accuracy (%) 

 Enz GPCR IC NR 

RPCA 95.4 94.2 94.7 93.6 

Proposed 

Method 

98.5 97.6 98.1 95.5 
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neighbor is used to predict possible targets for new 

drugs and possible drugs for new targets. The 

interactions between drugs and targets is accepted 

or ignored according to its similarities. This model 

yields the drug target similarities information to 

predict the unknown interactions and provide 

improved predicted performance. The proposed 

method promises high accuracy above 95 % in the 

prediction of drug-target interactions. It is also 

successful in identification of drug-target pair. 

In future implementation, the proposed 

approach can be extended to prevent the side effects 

of the drugs, by analyzing the side effects and 

designing effective treatment scheme. 
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