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Abstract
Approved drugs for sale must be effective and safe, implying that the drug’s advantages 
outweigh its known harmful side effects. Side effects (SE) of drugs are one of the common 
reasons for drug failure that may halt the whole drug discovery pipeline. The side effects 
might vary from minor concerns like a runny nose to potentially life-threatening issues like 
liver damage, heart attack, and death. Therefore, predicting the side effects of the drug is 
vital in drug development, discovery, and design. Supervised machine learning-based side 
effects prediction task has recently received much attention since it reduces time, chemical 
waste, design complexity, risk of failure, and cost. The advancement of supervised learn-
ing approaches for predicting side effects have emerged as essential computational tools. 
Supervised machine learning technique provides early information on drug side effects 
to develop an effective drug based on drug properties. Still, there are several challenges 
to predicting drug side effects. Thus, a near-exhaustive survey is carried out in this paper 
on the use of supervised machine learning approaches employed in drug side effects pre-
diction tasks in the past two decades. In addition, this paper also summarized the drug 
descriptor required for the side effects prediction task, commonly utilized drug properties 
sources, computational models, and their performances. Finally, the research gap, open 
problems, and challenges for the further supervised learning-based side effects prediction 
task have been discussed.
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1  Introduction

Side Effects (SE) of a drug can be understood as unpleasant, undesirable, adverse, unex-
pected hazardous reactions related to the response of the drug in organs and tissues 
(Naranjo et al. 1981; Edwards and Aronson 2000; Linden 2013). Adverse drug response 
is the main reason for the side effects of drugs; many side effects are not detected in 
the drug development, discovery, and design process (Katragadda et  al. 2015; Liu 
et al. 2017), and identifying the hazardous reactions of the drug is challenging. There-
fore, predicting the risky responses of drugs during the development process remains 
an essential task for drug safety and commercial success. Side effects may injure body 
organs, and patients may die due to risky drug reactions. It is essential to ensure that 
drugs are efficacious for treatment. Thus, the harmful responses of drugs are one of the 
primary causes of drug failure, and most medicines are withdrawn from the market due 
to hazardous side effects.

The drug development and design process needs a step-by-step clinical trial which 
is a tedious, complicated, challenging, and costly process and requires technological 
expertise, research skills, human resources, chemical compound, and billions of dol-
lars (Willmann et al. 2008; Trouiller et al. 2017; Grygorenko et al. 2020; Sarma et al. 
2021; Askr et al. 2022). Drug side effects prediction is one of the significant phases in 
drug discovery, development, and design (Bresso et al. 2013; Zhou and Zhong 2017). 
The computation models are gaining more popularity and attention to minimize mon-
etary cost and time (Abd Elaziz and Yousri 2021; Dara et  al. 2021; Das and Hussain 
Mazumder 2021; Das and Mazumder 2023; Das et al. 2022b). Supervised deep learning 
and machine learning are the two most popular computational approaches to predicting 
drug side effects. These approaches can learn drug side effects from past experiences of 
similar drugs.

Supervised machine learning plays a vital role in side effects prediction tasks. Super-
vised machine learning creates a model that predicts the outcome based on the available 
data (Ligthart et al. 2021; Chan et al. 2022; Mosqueira-Rey et al. 2022). It is possible 
to train a machine learning model under supervision by giving it both the correct input 
and output data (Muhammad et  al. 2021; Himeur et  al. 2022; Izadi et  al. 2022; Pun 
et al. 2022). Finding a mapping function to link the input with the output is the goal of 
a supervised learning algorithm (Barrionuevo et al. 2021). Models are trained in super-
vised learning using the labeled dataset, which allows the model to learn about each 
input data. After the training, the model makes predictions about the outcome and eval-
uates using test data. In the supervised machine learning technique, the drug properties 
provided to the model act as the supervisor who teaches the model correctly predict the 
side effects. To predict the side effects of the drug, supervised machine learning tech-
niques utilize drug properties and well-labeled side effects (training dataset) to learn the 
model and achieve the targeted side effects (output label). The training drug properties 
and well-labeled side effects enable the model to learn from the training dataset. Well-
labeled side effects refer to the drug already assigned the appropriate side effects.

There are several survey papers on artificial intelligence in drug discovery (Chan 
et  al. 2019; Kim et  al. 2020), a computational tool for representing drug descriptors 
(Dong et al. 2018), application of computational approaches in drug design and screen-
ing (Lin et al. 2020), drug target identification (Dai and Zhao 2015; Jung and Cho 2020; 
Bagherian et  al. 2021), summarization of biomedical datasets (Stein 2003; Bonner 
et  al. 2021), molecular communication in drug discovery (Chahibi 2017), discovering 
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physicochemical profile in drug development (Avdeef and Testa 2002), and data-driven 
methods to predict adverse drug reactions (Ho et al. 2016). However, there are no spe-
cific survey papers on the supervised computational learning approach to predict drug 
side effects.

This research study’s fundamental motivation is to summarize the side effects prediction 
studies for 18 years (2004–2022). The key motivation and objective of this research study are 
as follows:

•	 Side effects of the drug are common over a million serious injuries each year. Drugs must 
be effective and safe before they come to market, which indicates that their benefits must 
outweigh any known adverse side effects.

•	 Drug reactions are hazardous to health, and a person taking a drug may suffer from its side 
effects which can cause serious health complications, including liver damage, heart attack, 
and death.

•	 Studies regarding the harmful side effects are essential for drug discovery, development, 
and design to enhance public health concerns and drug safety.

•	 Also, drug development, design, and discovery processes are complicated, expensive, and 
time needed. So, there is a need to study the side effects of drugs efficiently to avoid the 
maximum cost and time.

•	 Drug side effects are one of the most frequent causes of drug failure and can stop the entire 
drug development process.

•	 Identifying side effects for a novel drug takes many clinical trial phases. Supervised 
machine learning-based side effects prediction task has recently gained much attention 
since they speed up the drug development process and reduces time, chemical waste, cost, 
design complexity, risk of failure, and human resource.

•	 This paper summarizes many research articles on drug side effects prediction. The survey 
is based on the number of samples and side effects used for the experiment, drug proper-
ties with their sources, supervised computational approach with their performances, and 
problems the researcher solves for the side effects prediction task.

•	 Also, this paper explored the evolution of supervised machine learning and its applications 
in side effects prediction tasks.

•	 The research gaps and open problems for further side effects prediction studies are also 
summarised for developing an effective drug.

Several side effects are unknown to the drug manufacturing organization, pharmacist, patient, 
and doctors. Due to harmful side effects, some patient loses their life too. Therefore, an urgent 
literature survey is needed for the side effects prediction study, which may help to provide ben-
eficial guidance to build more efficient models.

The organization of this research is as follows: drug descriptors and supervised machine 
learning methods used for side effects prediction has been demonstrated in Sect. 2. Section 3 
provided the literature survey of the supervised learning methods to predict drug side effects. 
Further, the discussion on the challenges and research gaps in side effects prediction have been 
presented in Sect. 4. At last, summarize the conclusion of the research work in Sect. 5.
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2 � Drug descriptors and supervised learning methods used for side 
effects prediction

This section presents a list and a brief description of drug properties and the supervised 
computational learning methods employed to predict drug side effects.

2.1 � Drug descriptors used for side effects prediction

In this section, drug descriptors are presented, which have been utilized as an input feature 
of a supervised computational approach to predict the potential side effects of drugs. A 
variety of drug descriptors are available for side effects prediction. Some are clinical data 
(clinical trial data, health surveys, Electronic Health Records (EHR), administrative data, 
claim data, and disease-patient registries), and some are non-clinical information about 
drugs (pharmacokinetics, chemical, toxicological, safety, biological, pharmaceutical, phar-
macological, and other pre-clinical data) (Lee et al. 2008; Andrade et al. 2016). Both clini-
cal and non-clinical data are widely used for side effects prediction using computational 
approaches. Further, this drug information can be categorized into chemical (Che), Pheno-
typic (Phe), Biological(Bio), and other drug descriptors, illustrated in Fig. 1.

2.2 � Supervised learning methods used for side effects prediction

This section describes the supervised computational approaches used for potential side 
effects prediction tasks. The traditional approach to identifying drug side effects requires 
several clinical trial phases and needs monitoring drug safety after being released in the 
market (Yao et  al. 2013). However, these procedures require time, biomedicine experts, 
human resources, and huge capital investment. Therefore, supervised computational learn-
ing methods are essential to reduce time, chemical waste, design complexity, risk of fail-
ure, and cost. Various computational models have been used to overcome these issues to 
predict side effects which are shown in Fig. 2.

The multi-label task can be addressed in various ways, including adapted 
algorithm, problem transformation methods (classifier chains, label power-
set, and binary relevance), ensemble approaches, and multi-output deep neural 

Fig. 1   Classification of drug descriptors
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framework (Tsoumakas et al. 2006; Rokach et al. 2014; Liu et al. 2022). Let us consider 
Drug={Drug1,Drug2,Drug3, ..........,Drugn} to be the set of the drugs, where n denotes 
the total number of drugs, Drug_Descriptors={DD1,DD2,DD3, ..........,DDp} , 
where p indicates the number of drugs descriptors (input feature), and Side_
Effects={SE1, SE2, SE3, .........., SEq} used to indicate a set of side effects (output labels), 
where q denotes the total number of drug side effects. A drug can have more than one side 
effect, so the drug side effects prediction activity is a multi-label prediction task (Qu et al. 
2012; Afdhal et al. 2020). The multi-label representation of the side effects prediction task 
is illustrated in Fig. 3, where zero denotes the non-appearance of a side effect, and one rep-
resents the appearance of the side effects.

3 � Literature survey of the supervised learning methods to predict 
drug side effects

This section describes the literature research on drug side effects prediction, which consists 
of the number of samples (drugs) used to perform the task corresponding to the total num-
ber of output labels (side effects), utilization of drug properties with their resources, and 
computational supervised learning model and their performance.

In their work, Yap et al. (2004) predict Torsade De Pointes (TDP) side effects of drugs 
by applying probabilistic neural network (PNN), K nearest neighbors (KNN), support vec-
tor machine (SVM), and decision tree (DT) from the linear solving energy relationship 

Fig. 2   Supervised computational learning approaches used for side effects prediction
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(LSER) properties (hydrogen-bond term, activity term, solvent-solute interactions, and a 
polar term) (Abraham 1993). The authors collected data from human studies, and their 
dataset consists of 67 TDP+ and 243 TDP- agents. Furthermore, their experiment outcome 
suggests that SVM performs the best compared to the other classifiers and achieved the 
highest accuracy of 91%. Scheiber et al. (2009) predict side effects by associating chem-
ical features with side effects. The authors downloaded drugs and side effects from the 
PharmaPendium database (Rees et al. 2020), which consists of 4210 side effects and 1842 
drugs. The Authors proposed a Laplacian-based Naive Bayes (NB) classifier to associate 
the chemical feature with side effects. In Pouliot et al. (2011), the authors predict system 
organ classes specific side effects by employing the BioAssay data, which are collected 
from the PubChem (Kim et al. 2019) and Canadian Adverse Drug Reactions (ADR) phar-
macovigilance database (Hashimoto et al. 2009), respectively. Their collected dataset con-
sists of 485 drugs and multiple side effects from the collection of 14,98,570 side effects. 
Further authors applied the logistic regression (LR) model on the dataset and achieved the 
highest AUC score of 92%. A machine learning methodology is presented to predict side 
effects from the chemical structure by Pauwels et  al. (2011). They collected side effects 
from the SIDER (Kuhn et  al. 2010) and chemical structure from PubChem (Kim et  al. 
2019). Their dataset consists of 1,385 side effects and 888 drugs. They applied ordinary 
canonical correlation analysis (OCCA), random assignment (RA), SVM, sparse canoni-
cal correlation analysis (SCCA), and the nearest neighbor classifier to predict side effects. 
Further, it is noticed that SCCA performed the best and obtained the highest AUC score of 
89.32%. Cami et al. (2011) predict side effects events using the LR model. They extracted 
drug side effects associations from the Lexicom website (http://​www.​lexi.​com), where tax-
onomic data are collected from World Health Organization (WHO) (WHO et al. 2020) and 
biological data from DrugBank (Wishart et  al. 2018). Their experiment consists of 809 
drugs and 852 side effects. The LR model achieved the highest AUROC score of 87%. 
LR and SVM classifiers are applied by Huang et  al. (2011) to identify the cardiotoxic-
ity side effects of drugs. The authors obtained drug targets from the DrugBank (Wishart 
et al. 2018), protein-protein interactions from Human Protein-Protein Interactions (HAPPI) 
(Chen et  al. 2009), and side effects from the SIDER (Kuhn et  al. 2010). The dataset 

Fig. 3   Representation of multi-label side effects predictions task

http://www.lexi.com
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consists of 887 drugs corresponding to 1447 side effects. To reduce the high dimension 
of data, the authors used fisher’s exact test (FET) and Wilcoxon Rank-SUM Test (WRST) 
approach and handled the class imbalance with the help of the sample balancing method. 
Further, the authors obtained that the SVM performed the best and achieved the highest 
accuracy value of 67.50%. Yamanishi et al. (2012) predict side effects by integrating bio-
logical and chemical properties. Their dataset consists of 658 drugs and 969 side effects, 
which are collected from SIDER (Kuhn et al. 2010), chemical structures are collected from 
the PubChem (Kim et al. 2019), and biological properties (drug-protein interaction) were 
collected from DrugBank (Wishart et al. 2018). The authors applied the canonical correla-
tion analysis (CCA), kernel regression, and multiple kernel regression model. They found 
that the kernel regression model performed well when applied to the integration of chemi-
cal and biological properties and achieved a 20.89% AUPR score.

In Liu et al. (2012a), the authors integrated phenotypic, chemical, and biological drug 
descriptors to determine the hazardous reactions of drugs. Their dataset consists of 832 
drugs corresponding to 1385 side effects. The authors obtained phenotypic properties of 
drugs from SIDER (Kuhn et al. 2010), chemical information from PubChem (Kim et al. 
2019), and biological properties from KEGG (Kanehisa et  al. 2002), and DrugBank 
(Wishart et al. 2018). The authors applied the machine learning classifiers (SVM, KNN, 
LR, random forest (RF), and NB) on the three-level (Che+Bio+Phe), two-level (Che+Bio 
and Che+Phe), and individual drug descriptors, and their experiment revealed that the 
SVM classifiers achieved the highest accuracy score of 96.78% than the other approaches. 
A novel sparse canonical correlation analysis (SCCA) approach is introduced by Mizu-
tani et al. (2012) to predict drug side effects from the chemical structure and drug-protein 
interactions. They collected chemical structures from PubChem (Kim et al. 2019), drug-
protein interaction from the DrugBank (Wishart et al. 2018), and KEGG (Kanehisa et al. 
2002), and side effects from the SIDER (Kuhn et al. 2010). The final dataset consists of 
658 drugs and 1339 side effects. The authors compared their proposed model performance 
with Ordinary Canonical Correlation Analysis (OCCA). They found that SCCA performed 
the best compared to the OCCA and achieved the highest AUC Score of 88.95% on drug-
protein interaction information. In their work, Liu et al. (2012b) predict side effects from 
the medical record provided by the Standford Clinical Data Warehouse (STRIDE) (Lowe 
et  al. 2009). The dataset consists of 1,550 drug-side effects pairs, and they trained the 
SVM classifier to identify side effects that achieved the highest AUC score of 85%. Fur-
ther, Zhang et al. (2013) explored the potential association between Therapeutic Indication 
(TI) and side effects. The authors examine the prediction power of therapeutic indication 
information, drug Chemical Structure (CS), and target Protein (P) to predict side effects. 
The authors collected drug structure from PubChem (Kim et al. 2019), protein target from 
UniProt (Consortium 2015), and DrugBank (Wishart et  al. 2018), therapeutic indication 
(drug-disease relation) from the National Drug File Reference Terminology (NDFRT), 
which is a portion of Unified Medical Language System (UMLS) (Bodenreider 2004), and 
side effects from SIDER (Kuhn et  al. 2010). Their dataset comprises 1,385 side effects 
and 1,447 drugs. The authors applied the machine learning approach (SVM, LR, RF, and 
NB) to three-level combinations (CS+P+TI), two-level (CS+P, CS+TI, TI+P), and indi-
vidual datasets. Among them, LR achieved the highest AUC in the combination of protein 
and therapeutic indication, and it achieved the highest ROC-AUC of 71.03%. An ensemble 
method is proposed by Jahid and Ruan (2013) to predict side effects. Their dataset consists 
of 888 drugs and 1385 side effects that are collected from the SIDER (Kuhn et al. 2010) 
and chemical structure collected from PubChem (Kim et al. 2019). The authors compared 
the proposed model with SCCA and found that their model achieved the highest ROC-AUC 
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score of 84%. The authors also predict unseen side effects of 2882 drugs, which are avail-
able in DrugBank (Wishart et  al. 2018). Jiang and Zheng (2013) predict potential side 
effects from the Twitter post by employing supervised learning algorithms, including NB, 
Maximum Entropy (ME), and SVM. The authors collected 6829 tweets against 5 drugs. 
Among them, the maximum entropy classifier achieved the highest F-measure score of 
84.8%. In Huang et al. (2013), Huang et al. applied SVM on integrated drug properties to 
predict drug side effects. The authors obtained chemical substructure from PubChem (Kim 
et al. 2019), protein-protein interaction from HAPPI (Chen et al. 2009), drug target from 
DrugBank (Wishart et al. 2018), and side effects from SIDER (Kuhn et al. 2010), which 
comprise 1447 side effects and 887 drugs. The authors compared SVM model performance 
on individual, two-level, and three-level properties and found that SVM performed bet-
ter when combining protein-protein interaction, drug target, and chemical structure and 
achieved the highest AUC score of 70%. LaBute et al. (2014) predict side effects using the 
L1 regularized LR model from the drug-protein target. The authors collected side effects 
from the SIDER (Kuhn et  al. 2010), drug-protein targets from the UniProt (Consortium 
2015), and DrugBank (Wishart et al. 2018). The final dataset consists of 560 drugs and 85 
side effects. Their proposed methodology achieved the highest AUC of 74%. By employing 
NB and SVM, Ginn et al. (2014) predict side effects from the Twitter post. They collected 
10,822 tweets against 76 drugs. The SVM model performs well compared to the NB and 
achieved the highest accuracy of 76.6%. A general weighted profile (GWP) method is pre-
sented by Kuang et al. (2014) to predict drug side effects. The authors collected drugs from 
the FAERS (Vermeer et al. 2013), DrugBank (Wishart et al. 2018), KEGG (Kanehisa et al. 
2002), SIDER (Kuhn et al. 2010), and drug-side effects associations from the FAERS and 
SIDER, which consists of 404 drugs and 461 side effects. They applied the GWP, near-
est neighbor, link prediction, and regularized least-squares classification approach to pre-
dict side effects. The authors found that the proposed GWP approach achieved the highest 
AUPR score of 26.90%.

In their work, Zhang et al. (2015) proposed an essential Feature Selection-Based Multi-
Label KNN (FS-MLKNN) approach to predict side effects from the drug targets and chem-
ical information which are collected from DrugBank (Wishart et al. 2018) and PubChem 
(Kim et al. 2019), respectively. Their dataset consists of 1080 drugs and 2260 side effects 
which are collected from SIDER (Kuhn et al. 2010). They also used the benchmark datasets 
(Mizutani’s 2012, Liu et al. 2012a, and Pauwel’s 2011 datasets) to compare their proposed 
model with Mizutani’s, Liu’s, and Pauwel’s methods. Their proposed model performed 
well on all three benchmark datasets and achieved an AUPR score of 42.86%, 40.04%, 
and 48.02% on Pauwel’s, Mizutani’s, and Liu’s datasets, respectively. Kanji et al. (2015) 
identify side effects of drugs from the 3D chemical properties, 2D chemical properties, 
and drug target information. The authors collected 996 drugs, and 4192 side effects from 
the SIDER (Kuhn et al. 2010), and drug target information from the DrugBank (Wishart 
et al. 2018). Further, they generated 3D and 2D chemical properties using the molecular 
properties module of Discovery Studio 4.0. The authors applied an ordinary canonical cor-
relation (OCC) approach to their collected properties and found that their proposed model 
OCC achieved the highest AUC score of 92% on 3D chemical properties. A boltzmann 
machine-based approach (BMBA), Integrated Neighborhood-Based Approach (INBA), 
and an ensemble method are employed by Zhang et al. (2016a) to predict side effects from 
biological and chemical information. The authors used Liu et al. 2012a, Mizutani’s 2012, 
and Pauwels’s 2011 data as benchmark datasets. The authors found that their ensemble 
approach performed the best and achieved the highest accuracy of 96.20%. In Niu et  al. 
(2015), a drug side effects prediction (DSEP) neural network approach is proposed by 
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Niu et al. to predict the drug side effects. Their dataset consists of 4,192 side effects and 
996 drugs, which are collected from SIDER (Kuhn et al. 2010). The authors used chemi-
cal descriptors, drug targets, and chemical substructures as input features for their model, 
which are collected from KEGG (Kanehisa et al. 2002), DrugBank (Wishart et al. 2018), 
and Pubchem (Kim et al. 2019), respectively. Their proposed model achieved the highest 
AUC of 89.27%.

To predict side effects, a variational Bayesian ensemble learning approach based on 
SVM, KNN, LR, and extreme LR is provided by Ngufor et  al. (2015). The authors col-
lected side effects from SIDER (Kuhn et  al. 2010), which consists of 1450 side effects 
and 888 drugs. They collected biological and chemical properties from DrugBank (Wishart 
et  al. 2018), and demographic data (age, gender, occur country, weight, route of admin-
istration, dose amount, and reporter country) were collected from the FAERS database 
(Vermeer et  al. 2013). Their proposed methodology achieved the highest AUC score of 
80% compared to the majority voting, sum rule, and stacking ensemble method. In Jamal 
et  al. (2017), the authors aim to identify neurological side effects from the combination 
of phenotypic (Pheno), Biological (Bio), and Chemical (Ch) information of compounds. 
The authors reduced the dimension of the input vector by applying a feature extraction 
approach named the relief-based method and addressed the class imbalance issue using the 
synthetic minority oversampling technique (SMOTE) technique. The authors downloaded 
the phenotypic properties (side effects and therapeutic indication) from SIDER (Kuhn et al. 
2010), biological properties (target, enzyme, and transporters) from DrugBank (Wishart 
et  al. 2018), and Chemical information from PubChem (Kim et  al. 2019). Their dataset 
consists of 22 neurological side effects and 913 drugs. Further, the authors applied a sup-
port vector machine on the three-level (Phe+Bio+Che), two-level (Phe+Bio, Phe+Che, 
and Bio+Che), and their model revealed that SVM on the combination of three drug 
descriptors performs well and it achieved the accuracy of 94.18%. Wang et al. (2016) inte-
grated gene information and chemical structure and applied extra tree classifier (ETC), LR, 
SVM, and RF for side effects prediction. The authors collected gene information from the 
LINCS L1000 (Duan et al. 2016), which consists of more than 20,000 small molecules and 
chemical structures from PubChem (Kim et al. 2019). Further, they collected side effects 
from the SIDER (Kuhn et al. 2010), OFFSIDE (Tatonetti et al. 2012a), and OMOP (Ryan 
et al. 2012), which consists of ’4192 ADR, and 996 drugs’, ’1,322 drugs, and 10,097 side 
effects’, 60, 40, 62, 78 drugs for liver failure, gastrointestinal ulcer, kidney failure, and 
myocardial infarction respectively. Furthermore, the authors found that ETC performed 
better than others and achieved the highest accuracy (more than 90%) by integrating gene 
ontology and chemical structure. In Zhang et al. (2016b), the authors integrated different 
drug information and presented a novel LNSM (Linear Neighborhood Similarity Method) 
to predict side effects. The authors used Pauwels’s 2011, Liu et al. 2012a, and Mizutan’s 
2012 datasets. Further, it extended the LNSM and proposed two models named as CMI 
(Cost Minimization Integration) approach and SMI (Similarity Interaction approach). 
They applied their proposed model, which performed the best compared to the other clas-
sifiers (FS-MLKNN, Pauwels’s 2011, Liu et al. 2012a, and Mizutan’s 2012 methods), and 
they found that the LNSM-CMI method achieved the highest AUC score of 90.91%. Raja 
et  al. (2017) aim to enhance the efficiency of the machine learning approach to identify 
drug-drug interaction and side effects from drug-gene interactions. The authors retrieved 
more than 5,00,000 drug-gene interactions from the comparative toxicogenomics database 
(CTD) (Davis et al. 2015) and 8176 drugs from MEDLINE (Conn et al. 2003), and Drug-
Bank (Wishart et al. 2018). They handled the class imbalance issue by employing SMOTE 
and applied RF, KNN, random tree (RT), DT, and bayesian network (BN) classifiers to 
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predict side effects. The authors found that the RT classifier achieved the highest F-score of 
90%. In their work (Hu et al. 2017), the authors presented a novel second order association 
discovery (SOAD) approach to identify side effects from the drug substructure. They used 
Pauwels’s 2011 dataset as a benchmark dataset and collected drug substructure from the 
KEGG (Kanehisa et al. 2002), PubChem (Kim et al. 2019), and DrugBank (Wishart et al. 
2018), as well as side effects from the SIDER (Kuhn et al. 2010). Their dataset consists 
of 888 drugs and 1385 side effects. The authors applied SOAD, SCCA, SVM, NB, and 
OCCA to the dataset. Their experiment outcome suggests that the SOAD method has the 
best predictive ability and achieved the highest AUROC score of 88.10%. A Linear Neigh-
borhood Similarity Measure (LNSM) method is presented by Zhang et al. (2017) to predict 
side effects. The authors collected chemical structure from PubChem (Kim et  al. 2019), 
biological information from DrugBank (Wishart et al. 2018), and KEGG (Kanehisa et al. 
2002). They also utilized Pauwels’s 2011, Liu et  al. 2012a, and Mizutani’s 2012 bench-
mark datasets, and their dataset consists of 1,080 drugs and 2260 side effects. The authors 
compared their proposed model with Liu’s method (Liu et al. 2012a), FS-MLKNN method, 
and found that their proposed model achieved the highest AUC score of 94.8%. In a dif-
ferent work, a novel three-interval classification method is introduced by Lee et al. (2017) 
to identify drug side effects by integrating multiple drug properties. The authors collected 
substructure of drugs information from DrugBank (Wishart et  al. 2018), and PubChem 
(Kim et al. 2019), protein information from DrugBank (Wishart et al. 2018), and UniProt 
(Consortium 2015), side effects from the SIDER (Kuhn et al. 2010), and the relationship 
between therapeutic indication and drug-disease are collected from the NDFRT (Boden-
reider 2004). Their dataset consists of 1002 drugs and 3903 side effects. The authors com-
pared their three-interval approach with RF, NB, and KNN, and the proposed model per-
forms well compared to other classifiers, which achieved the highest accuracy of 95.20%. 
In Muñoz et  al. (2019), the authors predict side effects by employing Knowledge Graph 
SIMilarity PROPagation (KG-SIM-PROP), LR, multi-layer perceptron (MLP), RF, DT, 
KNN, LNSM-CMI, LNSM-SMI, FS-MLKNN, and Liu’s method (Liu et al. 2012a). They 
found that FS-MLKNN achieved the highest ROC-AUC value of 90.34%. The authors 
obtained drug types, chemical information from DrugBank (Wishart et  al. 2018), side 
effects from SIDER (Kuhn et al. 2010), pathways, genes, and drugs from KEGG (Kanehisa 
et al. 2002). Their dataset consists of 1,080 drugs and 5,579 side effects and also utilized 
Liu et al.  2012a, Bio2RDF (Belleau et al. 2008), and Aeolus (Banda et al. 2016) bench-
mark datasets.

Dey et al. (2018) describe the importance of combining deep learning frameworks and 
machine learning models to identify chemical substructure relations with side effects by 
generating distinct fingerprints from the compound structure with the help of convolutional 
deep learning methodology. The authors collected chemical substructure from PubChem 
(Kim et al. 2019) and side effects from the SIDER (Kuhn et al. 2010), and their dataset 
consists of 1420 drugs and 6123 side effects. Their proposed model achieved the highest 
accuracy of 97.70% on skin striae side effects. In their work, Zheng et al. (2018) analyzed 
and identified side effects of drugs by applying Highly Credible Negative Samples (HCNS) 
from pathways, target protein, chemical substructure, substituents, and gene-disease rela-
tionship. Their dataset consists of 1048 drugs and 1276 side effects. The authors collected 
target protein chemicals, substructure, and substituents from the DrugBank (Wishart et al. 
2018). The gene-disease relationship is obtained from the comparative toxicogenomics 
database (CTD) (Davis et al. 2015), and the side effects-drug association is collected from 
the Tatonetti Lab (Tatonetti et al. 2012b). The authors applied RF, KNN, LR, and SVM 
with HCNS and found that LR with HCNS achieved the highest accuracy of 98%. A graph 
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side effects (GraphSE) prediction model is presented by Hu et al. (2018) to associate chem-
ical substructure and side effects. The authors used Pauwels’s 2011 dataset, which included 
1,385 side effects and 888 drugs, and Liu’s dataset (Liu et al. 2012a) comprised 1385 side 
effects and 832 drugs. They collected 881 chemical structures from KEGG (Kanehisa et al. 
2002), DrugBank (Wishart et al. 2018), and PubChem (Kim et al. 2019) for the test. The 
authors applied SVM, GraphSE, OCCA, NB, GraphSE-RanksClass, and SCCA and found 
that their proposed GraphSE model performs the best compared to the other classifiers. It 
achieved the ROC of 88.70% in Liu’s dataset and 89.20% in Pauwel’s data set. A similar-
ity-based approach is provided by Zhao et al. (2018) to identify the harmful response of 
drugs from the heterogeneous drug information (fingerprint similarity, structure similarity, 
anatomical therapeutic chemical (ATC) code, literature information, and target protein). 
They collected fingerprints from the DrugBank (Wishart et al. 2018), drug structure from 
the KEGG (Kanehisa et al. 2002), ATC code and literature information from the STITCH 
(Szklarczyk et al. 2016), target protein from the DrugBank (Wishart et al. 2018), and side 
effects from SIDER (Kuhn et al. 2010). Their dataset consists of 888 drugs and 1,385 side 
effects. Further, they found that their proposed method performed well than the SVM, dag-
ging, and nearest neighbors method and achieved the highest AUC of 84.92%. Liu et al. 
(2018) predict side effects of osteoarthritis disease from the electronic medical records, 
which are collected from the osteoarthritis initiative dataset (Razmjoo et  al. 2021). The 
authors applied SVM, XGBoost, gradient boosting decision tree (GBDT), DT, and LR and 
found that XGBoost performed well than the others and achieved a ROC-AUC value of 
92%. In Zitnik et al. (2018), the authors predict polypharmacy drug pairs side effects with 
the help of a graph convolutional network named Decagon. Their dataset comprises 5,868 
side effects and 1556 drugs obtained from the SIDER (Kuhn et  al. 2010). The authors 
extracted protein-protein interactions from Menche et al. (2015), Chatr-Aryamontri et al. 
(2015), and polypharmacy side effects are extracted from TWOSIDES (Tatonetti et  al. 
2012a). Their presented method achieved an AUROC score of 87.20%.

A methodology is proposed by Islam et al. (2018) to detect death side effects from the 
electronic health record. The authors obtained data from the Food and Drug Adminis-
tration (FDA) (Edwards et  al. 2013). Their dataset includes demographic data as input, 
including preferred term, dechal, route, patient weight, sex, and age; output labels include 
minor injury, major injury, and death. They employed MLP, RF, and SVM and obtained 
that RF classifiers achieved the highest death prediction accuracy score of 91.4% com-
pared to others. Hu et  al. (2018) provided a deep heterogeneous information embedding 
approach to predict side effects. The authors obtained chemical structure from PubChem 
(Kim et  al. 2019), target protein information and treatment disease from Drugbank 
(Wishart et al. 2018), drug-drug interaction from TWOSIDES (Tatonetti et al. 2012a), and 
protein-protein interaction from human protein reference database (HPRD) (http://​www.​
hprd.​org). Their final dataset consists of 548 drugs and 1318 side effects, which are col-
lected from the SIDER (Kuhn et al. 2010) and OFFSIDES (Tatonetti et al. 2012a). Their 
proposed model achieved a ROC-AUC score of 84.07% than graph convolutional neural 
network (GraphCNN). In their work, Uner et al. (2019) evaluate the deep neural network 
model performance to analyze the hazardous reactions of the drug by merging chemical 
structure (CS), gene ontology (GO), gene expression META information of drugs, and 
gene expression signature (GEX). The authors analyzed the performance of ’Simplified 
Molecular-Input Line-Entry System-convolutional neural network (CNN)’ (SMILES-
CNN), MLP, multi-task neural network, multi-model neural network, and residual MLP 
neural network on the different levels of drug description combination such as three-
level (META+CS+GEX), two-level (GO+CS, GEX+CS), and individual level. Their 

http://www.hprd.org
http://www.hprd.org
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SMILES-CNN model on chemical descriptors exhibits better results compared to the 
other methods and drug descriptors and their combination, and it achieved the highest 
micro AUC of 88.50%. The authors collected gene information from the LINCS project 
(Duan et al. 2016), and side-effects from SIDER (Kuhn et al. 2010), and the SMILES are 
collected from PubChem (Kim et  al. 2019). Their dataset consists of 1,052 side effects 
and 791 drugs. Odeh and Taweel (2019) aims to extract side effects from Twitter posts 
by applying the deep learning method. The authors collected 7574 Twitter posts for 74 
drugs to check whether the Twitter posts have side effects or not. They used convolutional 
neural network (CNN) with attention (CNNA), recurrent convolutional neural network 
(RCNN), CNN, majority vote RCNN, ADR-Classifier, ’CNN-and-Google-News’ and 
found that their proposed model achieved the highest precision score of 77.93% than the 
other approaches. Jamal et al. (2019) predict cardiovascular drug side effects by combin-
ing phenotypic, chemical, and biological information. The authors obtained biological and 
chemical information from the DrugBank (Wishart et al. 2018), and phenotypic properties 
from the SIDER (Kuhn et al. 2010), and the dataset consists of 970 drugs and 36 cardio-
vascular side effects. The authors combined drug descriptors into three-level combinations 
(Ch+Pheno+Bio), two-level (Che+Phe, Che+Bio, and Phe+Bio), and individual drug 
properties. Further, the authors applied sequential minimization optimization (SMO) and 
RF classifier to predict the side effects of drugs. Remove useless filter (RUF) is used to 
reduce the high dimension of data and address the class imbalance issue with the help of 
SMOTE. The authors obtained that their experiment in both models achieved the highest 
accuracy score of 93.83% on phenotypic drug properties compared to the other drug prop-
erties and their combinations.

A deep learning model is presented by Wang et al. (2019) to analyze the side effects 
from the different drug descriptors. The authors collected the textual information of bio-
medical literature from MEDLINE (Conn et  al. 2003), 17 drug-like properties from 
PubChem (Kim et al. 2019), and biological properties (carriers, enzymes, target, and trans-
porters) from DrugBank (Wishart et  al. 2018) and integrated them into a single dataset. 
Further, the MLP model with two hidden layers is applied to the integrated drug proper-
ties. Their proposed model achieved the highest AUC of 84.40% and performed well com-
pared to the other classifier models, such as Gaussian NB, Linear SVM, and probability 
matrix factorization (PMF). In Swathi et  al. (2020), the authors analyze the side effects 
from the medical health forums. The authors obtained the data (satisfaction rating, age, 
gender, comments, information on health, effectiveness, disease, symptoms, and number of 
dosages) from WebMB.com. The authors applied linear SVC, LR, SVM, DT, NB, and RF 
and obtained that the RF classifier have the best predictive ability and achieved the highest 
accuracy score of 62.40%. Liang et al. (2020) used an advanced negative instance selection 
approach to analyze side effects. The authors collected drug fingerprints, drug literature, 
and ATC code from the STITCH (Szklarczyk et al. 2016), drug structure from the KEGG 
(Kanehisa et al. 2002), and drug target prediction from the DrugBank (Wishart et al. 2018). 
Their dataset consists of 1385 side effects and 888 drugs which are downloaded from the 
SIDER website (Kuhn et al. 2010). The authors applied artificial neural network (ANN), 
SVM, and RF to predict side effects and found that the RF model achieved the highest 
accuracy of 97.50%. They applied the random walk with restart approach to select the 
high-quality negative instances. In Zhou et al. (2020), the authors predict side effects from 
protein targets, treatments, transporter, enzyme, pathways, and chemical structure of drugs 
using boosted random forest classifier. The authors collected drug indication data from 
https://​clini​caltr​ials.​gov/, SIDER (Kuhn et al. 2010), and therapeutic targeted database (Li 
et al. 2018). Their dataset consists of 4251 side effects and 1426 drugs, which are collected 

https://clinicaltrials.gov/
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from the SIDER (Kuhn et al. 2010). The authors used PharmacotherapyDB (https://​think-​
lab.​github.​io/d/​182/), DrugCentral (https://​drugc​entral.​org/), and ClinicalTrialSlim (https://​
clini​caltr​ials.​gov/) datasets to compare their models. Their proposed model achieved the 
highest precision score of 78% to predict side effects and performed the best compared to 
the KNN and MLP classifiers. Further, Shankar et al. (2021) identify side effects of drug-
pair from the gene expression and chemical structure by employing an artificial neural net-
work model. The authors collected gene expression from LINCS L1000 (Duan et al. 2016), 
chemical substructure from DrugBank (Wishart et al. 2018), and side effects obtained from 
TWOSIDES (Tatonetti et al. 2012a). Their database comprises 34,549 drug-pair and 243 
side effects. Their model achieved the highest accuracy score of 82%. A methodology is 
presented by Ietswaart et al. (2020) to associate drug and side effects from pharmacologi-
cal assays by employing an RF classifier. The authors collected side effects from SIDER 
(Kuhn et al. 2010), and FAERS (Vermeer et al. 2013), and pharmacovigilance assays were 
obtained from the Novartis Institutes of Biomedical Research (NIBR) (Tuntland et  al. 
2014). Their database comprises 2134 drugs and 40 side effects. Their model achieved the 
highest accuracy score of 98%. In Das et al. (2021), a multi-label machine learning meth-
odology is presented to detect the side effects. The authors checked whether drug functions 
are utilized to predict harmful side effects or not. The authors extracted 10,819 drugs corre-
sponding to the 12 drug functions from PubChem (Kim et al. 2019) and 6,123 side effects 
collected from the SIDER (Kuhn et al. 2010). After mapping the drug with side effects, the 
final dataset consists of 670 drugs corresponding to those 6123 side effects. They applied 
the binary relevance method to solve the problem of multi-label task with five multi-label 
supported supervised machine learning approaches, namely RF, MLP, KNN, ETC, and DT. 
The authors found that ETC achieved the highest accuracy of 99.95%.

In their work, Hatmal et al. (2021) identify and analyze COVID-19 vaccine side effects. 
The authors collected data through an online survey of 2213 participants. Further, the 
authors applied the supervised machine learning approach (RF, K-star, XGboost, and MLP) 
to predict side effects. They found that the RF classifier achieved the highest accuracy of 
80% compared to others. In a different work, Hatmal et al. (2022) predict side effects of the 
coronavirus disease vaccine from a survey of 10,064 participants. Their survey consists of 
age category, infected with COVID-19 before vaccination, is suffering from any other dis-
eases?, gender, is a smoker?, educational level, the participant’s symptoms, and type of the 
vaccine (AstraZeneca, Johnson & johnson, sputnik v, Covaxin and Moderna). The authors 
applied gradient boost, MLP, RF, and XGBoost methods and found that the Xgboost clas-
sifier performed the best, and achieved an accuracy value in the range of 74–58%. Güneş 
et al. (2021) predict side effects of antidepressant drugs from chemical and biological prop-
erties. Their dataset consists of 329 side effects and 27 drugs. The authors collected bio-
logical properties (transporter, enzyme, and drug target) from the DrugBank (Wishart et al. 
2018), side effects are obtained from Drug.com, and SIDER (Kuhn et al. 2010), and drug 
structure from PubChem (Kim et  al. 2019). The authors applied SVM, KNN, and MLP 
classifiers on a single level and integrated drug properties; among them, MLP classifiers 
perform well on integrated chemical and biological properties, which achieved the high-
est AUC of 69.50%. In Das et al. (2022a), A deep neural network (DNN) is presented to 
identify side effects from the 17 molecules, drug functions, and chemical 1D structure. The 
authors collected drug properties from PubChem (Kim et al. 2019) and side effects from 
the SIDER (Kuhn et al. 2010). Their dataset consists of 1430 drugs and 6123 side effects. 
Further, they integrated the three-level combination (17 molecules + drug functions + 
chemical 1D structure), two-level combination (17 molecules + drug functions, 17 mol-
ecules + chemical 1D structure, drug functions + chemical 1D structure), and individual 

https://think-lab.github.io/d/182/
https://think-lab.github.io/d/182/
https://drugcentral.org/
https://clinicaltrials.gov/
https://clinicaltrials.gov/
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drug properties with side effects. Furthermore, they applied a DNN to predict side effects. 
The experimental outcomes showed that the combination of drug functions and chemical 
1D structure performs better than the other drug properties combinations. The DNN on the 
combination of drug functions and chemical 1D structure achieved the highest ROC-AUC 
score of 99.99%. Zhao et al. (2022) introduce a similarity-based deep neural network meth-
odology to identify the frequency of drug side effects. The authors used the Galeano et al. 
(2020) dataset. Further, they divided side effects frequency into five classes, namely very 
frequent, frequent, infrequent, rare, and very rare. The authors collected drug information 
and drug-drug association score, chemical substructure from STITCH database (Szklarc-
zyk et  al. 2016), drug target from DrugBank (Wishart et  al. 2018), and side effects and 
their frequency are obtained from SIDER (Kuhn et  al. 2010). Their database comprises 
757 drugs, 994 side effects, and 37,366 frequency items. Their proposed model performs 
well compared to Galeano’s et al. (Galeano et al. 2020) method and achieved the highest 
AUROC score of 94.52%.

The summarization of related work is shown in Fig. 4 and Table 1, which comprises of 
Reference (Ref.) and the tasks solved by the researcher to predict the side effects of drugs 
from several drug descriptors by applying computational approaches.

It can be observed from the Fig. 4, the literature survey of supervised machine learning 
models to predict drug side effects have been conducted based on the tasks, which have 
been addressed by the researcher for a duration of 18 years (2004–2022). The literature sur-
vey includes the data sources of drugs, drug properties, and side effects that are utilized to 
conduct the drug side effects prediction tasks. The information related to the drug is availa-
ble in several data sources, including PubChem, SIDER, DrugBank, WHO, HAPP, KEGG, 
STRIDE, UniProt, NDFRT, Twitter, FAERS, LINCS L1000, OMOP, MEDLINE, WebMD, 
and DrugCenteral, etc (Kanehisa et al. 2002; Conn et al. 2003; Bodenreider 2004; Chen 
et al. 2009; Lowe et al. 2009; Kuhn et al. 2010; Ryan et al. 2012; Vermeer et al. 2013; Con-
sortium 2015; Duan et al. 2016; Wishart et al. 2018; Kim et al. 2019; WHO et al. 2020). 

Fig. 4   Summary of the literature survey based on the supervised machine learning techniques in the past 
two decades for the prediction of drug side effects
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Further, the supervised computational models and their performance are briefly discussed. 
Furthermore summarizes the challenges, research gaps, future scope of the research, and 
suggestions for further research, which helps to address the existing challenges.

4 � Discussion on the challenges and research gaps in side effects 
prediction

This section briefly discusses the challenges, issues, and research gaps of the side effects 
prediction task. Most side effects prediction researchers proposed various supervised com-
putation approaches to solve the different challenges of side effects prediction. However, 
there is still a need for some improvement to achieve optimized side effects of drugs. There 
are various issues, challenges, and research gaps, including the following:

•	 Although there are different existing multi-label supervised computational approaches 
to analyze the side effects, an urgent efficient model is still required to obtain an opti-
mized result.

•	 The most common and significant challenge in the multi-label side effects prediction 
task is dealing with the class imbalance problem, which can affect the predicted mod-
el’s performance.

•	 The feature selection method is also crucial in the side effects prediction task. An effec-
tive feature selection method is also needed to deal with the curse of data dimensional-
ity.

•	 To obtain drug-drug similarity, an efficient similarity measure technique is required.
•	 An advanced computational approach may embed the drug properties effectively, so an 

advanced deep learning or machine learning-based method is required to represent the 
drug properties in machine-understandable format.

•	 Drug side effects prediction may benefit from the combination of distinct drug descrip-
tors, but mapping and combining several drug descriptors is a complex procedure.

•	 One of the significant challenges is gathering drug properties from various sources. 
The researcher still faced challenges in determining which drug properties sources are 
best for them to obtain an effective outcome.

•	 There are still several unused drug properties and resources to analyze the side effects, 
which can be utilized further to identify side effects.

•	 Obtaining side effects of the modern drug is challenging because most pharmaceutical 
manufacturing organizations do not give the details of novel medicines.

•	 Pharmaceutical organizations are concerned about drug failure because it losses bil-
lions of dollars and is the uncertainty of drug success.

•	 Slower growth of the computational model in the area of drug discovery, design, and 
development.

•	 Poor clinical trial phase on the animal model; therefore, an advanced computational 
model is required for drug screening.

•	 Difficult to balance adverse drug reactions, toxicity, and biological complexity in a 
chemical compound.

The supervised computational learning approach can be employed to learn side effects 
from distinct drug descriptors. The learned approach can be utilized to develop new drugs 
by labeling unseen side effects of novel drugs. Furthermore, it enhances the success rate of 



9830	 P. Das, D. H. Mazumder 

1 3

drug development, design, and discovery. The supervised computational learning approach 
brings new life into the drug discovery procedure by analyzing the potential side effects. 
The pharmaceutical drug discovery, development, and design process is complicated, tedi-
ous, costly, chemical wastage, and requires billions of dollars. One of the main causes of 
drug failure in the market is the harmful side effects of drugs that can halt the entire drug 
discovery process. Every year, most drug discovery researchers research on the side effects 
of identification and propose various supervised learning approaches to reduce the cost, 
chemical wastage, time, and complexity of drug discovery, development, and design and 
overcome issues encountered during drug discovery. However, side effects prediction stud-
ies still face complex challenges, such as gathering drug information from various sources 
and determining which is best suited to predict drug side effects. Furthermore, adjusting 
the supervised computational approach parameters is also complex to obtain optimiza-
tion results. There are only some specific instructions for the parameter settings of com-
putational approaches, but the models are still ineffective in getting an optimized result. 
Supervised computational learning approaches for identifying side effects are still in their 
early stages. In the near future, the supervised learning approach is expected to solve all 
the problems associated with the side effects prediction task. In the current work, a large 
number of side effects prediction articles based on the supervised learning approach are 
summarized from 2004-2022. Each side effects prediction research article is summarized 
based on the problem that the researcher solves. The number of samples and side effects 
used for the experiment, which type of drug properties are utilized with their correspond-
ing sources, and the supervised computational approach and their performance have been 
summarized.

5 � Conclusion

This work have reviewed and summarized the side effects prediction articles in the last 
two decades. The computational method, especially the supervised learning approach, can 
predict side effects from the several drug descriptors that give some prior knowledge about 
that drug, which may reduce the cost, risk of failure, design complexity, chemical wastage, 
and time. However, some complex challenges still exist that affect the computation model 
performance to predict side effects. Only some drug side effects pairs are known in the drug 
side effects prediction task. In fact, the number of drugs with side effects is significantly 
lesser than the number of available drugs. So, a semi-supervised method is necessary to 
give the labels to drugs with no side effects labels. Therefore the main future scope of the 
side effects prediction task is labeling side effects to the drugs by employing some cluster-
ing methods for further classifying side effects with the help of the supervised machine 
learning method. The drug side effects prediction task belongs to the multi-label prediction 
task. So handling class imbalance, the curse of dimensionality for multi-label classifica-
tion tasks, is vital for improving the supervised machine learning approaches performance. 
However, most drug properties are required to convert computer-understandable format, 
including 1D chemical structure (simplified molecular input line entry system string), 2D 
chemical structure, amino acid sequence, protein function, drug target, and drug ATC code. 
Therefore, an advanced machine learning or deep learning-based method is required to rep-
resent the drug properties in machine-understandable format, which may embed the drug 
properties effectively. Drug side effects prediction task may aid by integrating distinct drug 
properties. Several combinations of drug properties remain to predict drug side effects, 
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which may give adequate outcomes. Such as ATC + 17 molecular properties, chemical 
1D structure + amino acid sequence, 17 molecular properties + amino acid sequence, sys-
tem organ class + drug-like properties, 17 molecular properties + protein-protein interac-
tion, drug-disease relation + drug-like properties, and chemical 2D structure + Chemical 
3D conformer, Etc. Increased research community attention to these issues will help to 
solve some of them in the coming days. The supervised learning approach is expected to 
cover all aspects of drug discovery, design, and development in the near future. This work 
focused on the supervised computational approach utilized in side effects prediction task 
and their performances. The supervised learning approaches are rapidly increasing in sev-
eral fields of bioinformatics, significantly predicting side effects. However, the develop-
ment of supervised learning approaches is still in the early stage. In conclusion, supervised 
learning approaches in side effects prediction research will likely emerge soon. Utilizing 
available drug descriptors with appropriate supervised learning methods remains a signifi-
cant challenge. Drug side effects prediction is essential, and the exhibited side effects are 
challenging problems to concentrate on the effective drug.
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