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Abstract---Molecules are the fundamental units of any chemical 

compound. A drug is a predefined composition of chemical 

compounds which is expected to produce a target biological behavior.  

Drug error is a term used to indicate a scenario where one drug 
increases or decreases the effect of another drug when both are 

present inside the human body. This may be either due to 

pharmacodynamics (effect or action of a drug) or pharmacokinetics 

(movement of a drug within the body) or both. The results are painful 

as a person can suffer from serious disability or health hazard. The 
problem is mainly due to human error while prescribing and lack of 

efficient systems that can aid in automatic diagnosis of interacting 

drugs. Most of the issues that a patient undergoes or becomes a 

victim due to polypharmacy can be avoided and prevented. What we 

lack is an intelligent system that can predict the adverse interaction of 

poly drugs and raise an alarm to the medical team. This can be a live 
saver.  This paper attempts to propose a model based on machine 

learning that can predict adverse drug-drug interaction. 

 

Keywords---machine learning, algorithm, predictive, analytics, 
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Introduction 

 

Molecules are the fundamental units of any chemical compound. A drug is a 
predefined composition of chemical compounds which is expected to produce a 

target biological behavior.  Drug error is a term used to indicate a scenario where 
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one drug increases or decreases the effect of another drug when both are present 

inside the human body. This may be either due to pharmacodynamics (effect or 

action of a drug) or pharmacokinetics (movement of a drug within the body) or 
both. The results are painful as a person can suffer from serious disability or 

health hazard. The problem is mainly due to human error while prescribing and 

lack of efficient systems that can aid in automatic diagnosis of interacting drugs. 

Most of the issues that a patient undergoes or becomes a victim due to 

polypharmacy can be avoided and prevented. What we lack is an intelligent 

system that can predict the adverse interaction of poly drugs and raise an alarm 
to the medical team. This can be a live saver.   

 

Adverse drug-drug side effect 

 

Adverse drug side effect is in fact an injury due to taking a drug. This could have 
happened due to a prolonged dosage of a single drug or combination of multiple 

drugs. The interest of this paper is on the latter where a harmful result is 

obtained because a person consumes more than one drug and they react with 

each other thereby causing deterioration in the health condition.  

 

The adverse outcome could be any of the following 
 

• Mortality 

• Disability 

• Life-threatening 

• Abnormality 

• Hospitalization 

 

The adverse effect could be caused in a local region of the body or could have 

affect the functioning of an entire system in the body. Medical practioners term it 

as the risk due to polypharmacy. According to research nearly about 8 in 1000 

adults aged above 65 are prone to adverse drug-drug side effects. As per Mckinsey 
the cost of about 35 million advese drug effects amounts to roughly $115 billion 

USD.   

        

Categorization of drugs involved in Drug-Drug interactions  

 
A drug that is part of a drug-drug interaction is generally categorized as sufferer 

or executioner depending upon the role that they actively play. A sufferer is one 

that is affected by drug-drug interaction and is also called as victim. An 

executioner is on that causes the drug-drug interactions and is also called as 

perpetrator. An executioner is further categorized as an inducer and a determent 

or inhibitor. An executioner which is of category inducer will increase the 
expression or function of metabolic activity while an executioner which is of 

category determent or inhibitor will caused the opposite action to reduce the 

expression or function of metabolic activity [4]. 
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Fig.1 

 

Literature survey 

 

The most common public databases are Drugbank, Supertarget, Matador, 
Therapeutic target database, Sider and Kyoto encyclopedia of genes and genomes. 

The traditional methods for computing and predicting drug-target interactions are 

docking simulation, ligand-based methods and literature text-mining methods.  

 

Disadvantages of the traditional computing methods 

 
a. The docking simulation method needs the 3-D structure details of the target 

proteins. Unfortunately, the 3-D structure is not defined for all the proteins. 

This is a serious limitation. 

b. Ligand is a molecule that binds a central metal atom to form a coordination 

complex[3]. The number of known ligands is very less due to which the 
applicability of the Ligand-based methods is very less. 

c. Literature text-mining methods uses keywords to find the text to be mined. 

Keywords are elementary form of search and they are not very effective. 

 

Summary of related work[1] 

 

Author Objective and approach 

Monica Campillos, 
2008 

Predicted targets using side effect 
similarity and similarity networks 

Edgar D Coelho, 2016 Predicted drug target interactions 

without considering type of target using 

Drug-Drug 

interaction 

Perpetrator

s 

Inducer 

Inhibitor 

Victims 



 

 

11567 

Random forest, Support-Vector 

Machine and Logistic regression  

Diego Galeano, 2016 Predicted targets based on drug 

chemical structure using Tanimoto 

similarity 

Arvind Sinha, 2017 Predicted usability of the protein 

whether being a drug-target or a 

vaccine using Support-Vector Machine, 

Decision tree, Random forest and Naïve 

Bayes 

Ming Hao, 2017 Predicted interactions between drugs 

and target using DNILMF  

Ming Wen, 2017 Predicted new DTI without considering 
the type of targets using Deep learning 

Hafez Manoochehri, 

2018 

Predicted drug-target interactions 

using DMF and KNN 

Abdelrahman Saad, 
2019 

Predicted drug-target interactions 
using machine learning classification 

techniques Random Forest, Decision 

Tree and K-Nearest Neighbor  

Abdekrahman Saad, 

Yasser Omar, Fahima 
Maghraby, 2019 

Predicting drug interaction with 

Adenosine Receptors using Machine 
Learning and SMOTE techniques  

Table. 1 
 

Drug fingerprint 

 

Drug fingerprint captures the molecule sequence information of a drug in its 

essence. It is basically a way of representing a drug. The drug fingerprint is a 

resultant of simulation of the molecule constituents of the drug, such as its 
atomic number and bonds between the atoms. A binary encoded code is 

generated which is assigned as the fingerprint of the drug. This can be used for 

classification and finding drug similarities during drug analysis. 
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Usage of drug fingerprints in prediction of drug-drug interactions 

 

 
Fig 2 

 

Drugs may interact with a single target or with multiple targets. The drug 

interaction can be represented as a triplet <Drug a1, Target t1, Side-effect se1>, 

<Drug a1, Target t1, Side-effect se2>. Drug fingerprint similarity analysis can be 
conducted to find and to also predict drugs that could interact with the same 

target, thereby aiding in the discovery of new application for a drug. Conversely, if 

the drug fingerprint is known then the possible drug interactions with a target 

and possible side-effects that it could cause can be predicted with a decent level 

of accuracy. 
  

Position Specific Scoring Matrix (PSSM) 

 

The position specific scoring matrix helps to retain the evolutionary information. 

The PSSM for Zinc (cd02249) is shown below: 
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Fig. 3 

 

 
Fig.4 
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Fig. 5 

 

Synthetic Minority Oversampling Technique (SMOTE) algorithm 

 
SMOTE is a balancing technique used to rationalize the interacting drugs. This is 

usually used when the classification results are affected. 

 

D syn = D i + (D Knn – D i) * r,  

 

where 
D syn = synthetic data 

D i      = minority samples 

D Knn = sample of K-nearest neighbor from minority samples 

r           = random number between 0 and 1 

 
The algorithm is as follows: 

 

i. Find D i and D Knn 

ii. Determine the difference between the feature vector K-nearest neighbor from 

the minority sample 

iii. Multiply the result by a random number r 
iv. Add the value to D i 

v. Repeat steps i to iv for all new vectors 

 

Measuring performance 

 
For the sake of research, we have used only one parameter for measuring 

performance which is accuracy. The metric is calculated as follows: 

 

Accuracy = [(True Positive + True Negative)] / [(True Positive + True Negative + False 

Positive + False Negative)], where 

 

True Positive = Instance of an Adverse reaction 
True Negative = Instance of normal intended reaction 

False Positive = Predicted instance of an adverse reaction 

False Negative = Predicted instance of a normal reaction 

 

Results and Findings 

 
The drug-drug interaction information was stored in a matrix format. A cell was 

marked as 1 if there is a history of adverse reaction between the chemical 

composition of the two named drugs. This information is obtained from the SIDER 

database 
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  Drug 1 Drug 2  Drug 3 Drug 4 Drug 5 

Drug 1 0 0 0 1 1 

Drug 2 0 0 1 0 0 

Drug 3 0 1 0 0 0 

Drug 4 1 0 0 0 1 

Drug 5 1 0 0 1 0 

Table 2 

 

For testing purpose 5 drugs were selected from the Sider database. Their names 

have been masked as the intention of this study is to fine tune the algorithm that 
can be used for Machine Learning and not on the drug. In this case Drug1 

exhibits adverse behavior when taken alongside Drug4 & 5, similarly Drug2 along 

with Drug3 and Drug4 with Drug5. The resultant matrix is Sparse and is used for 

further analysis. 

 
Sample drug details from SIDER database 

 

 
Fig 6 
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Fig 7 

 

Drug side effect details collected from SIDER database 

 

 
Fig 8 

 

Machine learning using SVM and Random Forest 

 

The model was trained using SVM. The input data was split as 80% for training 
and 20% for testing. The classification criteria used is the adverse drug reactions. 

The classification is based upon the severity of the side-effect. For example: 

headache and abdominal pain are classified as “Low”, Depression, Back pain, 

Abdominal cramps are classified as “Medium” and Cardiovascular disorder, 

Anemia, Bronchytis are classified as “High”. Machine learning classification 
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techniques were used to predict the adverse side effects when polypharmacy was 

involved.  

 
Accuracy measurement before using SMOTE  

  

Technique Accuracy % 

SVM 50% 

Random Forest 73% 

Table 3 

 

The analysis showed that Random Forest technique was able to predict the 

classification with greater accuracy compared to SVM. The SMOTE technique 
which was recommended in previous researches was applied here to balance the 

input dataset. 

 

Accuracy measurement after using SMOTE 

   

Technique Accuracy % 

SVM 67% 

Random Forest 75% 

Table 4 

 
Drug-Drug interaction adverse effects measurement 

 

Interacting  

Drug 1 

Interacting 

Drug 2 

side effects 

predicted 

Correct (y/n) 

Adenosine Baclofen Agitation Yes 

Baclofen 
Atenolol High Blood 

pressure 
Yes 

Atenolol 

Caffeine Bronchospas

m 

Yes 

Caffeine Amiodarone None No 

Table 5 

 
Conclusion 

 

Adverse drug-drug interaction is a costly affair on human health. It is commonly 

known after the drugs are in the market and when patients report complaints and 

doctors detect health hazards. Most of the time it is during post-prescription stage 

after the patient has consumed the medicine. The damage is already done to the 
patient. In this study we have tried to come up with a preventive measure and a 

means to detect if the combination of the medicines when taken by a patient will 
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impact his/her health adversely or not. We have seen that the prediction model 

and the current stage of machine learning is at an accuracy level of 75%. The 

SMOTE technique was helpful in making the input dataset as a balance one. 

Random forest classification method was able to provide greater accuracy than 
SVM. We were also able to compare the results of the prediction with the data in 

the Sider database and see that there is 75% near accuracy. Definitely, there is 

scope for improving this very much as was evident during the study. We further 

intend to improvise the accuracy of this prediction by combining the best of all 

classification algorithms and also extend it to include the health record of the 

patient as an additional parameter as well.   
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