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Teaser Machine learning, especially deep learning, has the predictive power to predict
adverse drug reactions, repurpose drugs and perform precision medicine. We provide a

background of machine learning and propose a potential high-performance deep learning
framework for its successful applications in these practices.
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Introduction
An adverse drug reaction (ADR) is an unintended response to a drug that is noxious and the

reaction has a causal relationship to the drug [1–5]. It is disturbing that �3.6% of all hospital

admissions are caused by ADRs [1–5]. Around 27% of ADR cases reoccur within 6 months of the

initial event owing to unintentional re-dispensing or re-prescribing of the drugs. For hospitalized

patients, 16.88% experienced ADRs with 6.7% having serious ADRs, with 0.32% being fatal [1–5].

The emergence of ‘big healthcare data’ characterized by massive volume, complexity and velocity

has presented an intriguing opportunity for the study of digital pharmacovigilance. Social media,

in addition to other conventional data platforms, has thus become an enabling source for the

detection and prediction of ADRs to improve pharmacovigilance. Many existing research studies

use different methodologies to detect ADRs through assessing the association between a drug and

its ADRs. However, in reality, the occurrence of ADRs can be related to many causal factors, thus it

is essential to identify the multifactors that cause ADRs.

There are many factors that contribute to the occurrence of ADRs. Of these, medication errors

(MEs) caused by missing doses, performing the wrong administration techniques, equipment

failure, inadequate monitoring and preparation errors are some of the contributing factors [22].

Approximately one-third of MEs resulted in ADRs [1,2,7–9]. Polypharmacy, which is the pre-

scription of multiple medications, is also associated with increased risk of ADRs. Polypharmacy

and inappropriate medication have been shown to contribute substantially to the burden of

morbidity, hospitalization and death. Studies show that up to 50% of ADR-related hospitaliza-

tions were preventable by avoiding inappropriate prescribing [1,3,5].

Poor management and monitoring of ADRs has resulted in unnecessary hospitalization,

morbidity and mortality [32]. Patients with ADRs are susceptible to many hospitalization-related

complications such as cardiovascular and neurological disorders, nosocomial infections and

deconditioning [10]. Although all drugs undergo extensive screening before they are approved by

the FDA, there are still many occurrences of ADRs due to small clinical trial samples used during

premarketing research and, on many occasions, patients with comorbid diseases are omitted from

the trials. Because premarketing trials cannot fully cover diverse populations, post-marketing

surveillance to identify and predict ADRs is necessary.

In this review, we present a brief overview of current data sources available for post-

marketing surveillance, discuss the current computational methodologies applied for phar-

macovigilance at the post-marketing stage, examine the causation of ADRs and make reference

to the approaches used at the premarketing stage to arrive at a method to predict ADRs at the
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post-marketing stage. With the goal of improving drug safety, we

examine the latest methods for the prediction of ADRs after post-

marketing drug surveillance. The systemic literature review

shows that traditional post-marketing drug surveillance meth-

ods have been replaced by machine learning for the prediction of

ADRs because machine learning methods are better suited for

larger datasets. An examination of the drug discovery methods

revealed that deep learning has recently been applied for drug

discovery. In 2017, Zhang et al. [57] found that advances in

computer hardware make very big data modeling possible and,

when compared with machine learning approaches which have

been applied to drug discovery for decades, deep learning meth-

ods are more powerful and efficient in dealing with massive

amounts of complex tasks based on large, heterogeneous and

high-dimensional datasets without the need for human input,

which is a promising new technique for modern drug discovery.

In light of the potential of deep learning for drug discovery in

the new big data era, we anticipate the possibility of using deep

learning for prediction of ADRs.

Data sources for post-marketing surveillance
Diverse data sources have been used by many researchers for post-

marketing drug safety surveillance. Reliable data sources are im-

portant for researchers, healthcare providers and the broader

community to obtain an insight into the safety profiles of drugs.

There are two types of data sources: structured and unstructured,

for post-marketing drug safety surveillance. The spontaneous

adverse event reports collected by the health authorities under

the voluntary reporting systems are the major sources for struc-

tured data. Some of the prominent spontaneous reporting systems

(SRSs) include the adverse event reporting system (AERS) main-

tained by the FDA and VigiBase, which is managed by WHO [3].

The FDA has a post-marketing drug surveillance program called

MedWatch to monitor the effects of drugs [2]. As soon as drugs are

released for use, MedWatch allows the spontaneous reporting of

ADRs by healthcare professionals and patients. All the reported

adverse events are recorded as a part of the FDA AERS (FAERS) and

are constantly monitored for statistically significant adverse drug

event (ADE) reports [3]. However, spontaneous reports are often

incomplete and inaccurate owing to voluntary effort [23,50,51]. It

is regarded as being biased because many healthcare professionals

tend to under-report ADR cases.

Banda et al. [3] provided a curated and standardized version of

FAERS that removed duplicate case records. They applied stan-

dardized vocabularies with drug names mapped to RxNorm con-

cepts and mapped outcomes to SNOMED-CT concepts. They even

pre-computed a statistics summary on drug outcome relation-

ships to enable standardized analyses to be performed using

common vocabularies. One advantage of this resource over

others is that it provides all source codes and this allows research-

ers to periodically refresh the data to keep themselves updated on

the latest datasets released by the FDA. It was report that the

availability of this public resource, along with source code,

reduced the amount of time spent on performing data manage-

ment on the source FAERS reports and eased the detection of

ADRs [36]. Table 1 details the data sources, such as SRS, electronic

health records (EHRs), scientific literature, social media and

clinical narratives, for detecting ADRs.
In the past decade, pharmacovigilance has evolved from passive

surveillance to active surveillance. In addition to FAERS, EHRs

have also become a useful type of structured data sources [48]. The

coded EHR data provide active and real-time post-marketing drug

safety surveillance [34]. To minimize the occurrence of ADRs,

active medication safety surveillance systems, which include the

retrospective method and prospective method, are used in hospi-

tals to prevent ADRs. Retrospective methods, which are conducted

after the ADEs, depend on voluntary reporting or incident report-

ing after the patient is discharged from the hospital. This method

includes nontargeted and targeted medical record reviews. For

nontargeted medical record reviews, a detailed study of all patient

data is performed. For targeted medical record reviews, a trigger

tool is used to review a particular set of patients [15]. By contrast,

prospective methods, which strive to capture events in real-time or

close to real-time, usually rely on automated systems to prevent an

event from becoming worse [35]. Information on ADRs is also

widely available in unstructured data sources. Typical examples of

unstructured data cover published biomedical literature including

books, journals and papers, along with narrative clinical notes,

online healthcare forums and other patient-generated data shared

among networked communities using social media [48]. These

new data sources have the potential to provide better drug safety

surveillance, resulting in the more accurate detection of safety

issues and, thus, have the ability to give more-timely regulatory

actions to minimize or mitigate patient risks.

An overview of detection of ADRs at the post-
marketing stage
The availability of very large quantities of ADR data provides

opportunities for the detecting and prediction of ADRs. Several

studies have presented methods to detect and predict ADRs using

statistical and data mining techniques [42,54]. Banda et al. [2]

used a proof-of-concept to explore the chemical space of drugs

and establish correlation for ADR prediction. They continued to

use the proof-of-concept method to prioritize drug–drug–event

associations by mining multiple resources from public databases,

spontaneous reports and the literature. Seeing that there was a

large volume of drug-related information available in various

social networks, Sarker and Gonzalez [44] utilized advanced

natural language processing (NLP) and machine learning tech-

niques for extracting useful features such as polarities of sen-

tences, sentiment and topics. These features were then applied to

the task of ADR relation extraction for performing automatic ADR

detection and monitoring. They reported that combining lexical

features from well-established research areas such as sentiment

analysis and polarity classification could improve automatic

classification of ADR mentions from social media text. According

to authors, this scenario was prevalent in social media because

patient sentiments during posting were strongly associated with

the ADR of the drugs they were taking. They further emphasized

that annotated data from distinct sources could be combined to

perform ADR detection tasks from social media and multicorpus

training could provide significant improvement in accuracy of

ADR classification [37].

White et al. [42] used a large set of recently labeled ADRs and

negative controls to evaluate the ability of search logs to accurately

detect ADRs in advance of their publication. They leveraged the
www.drugdiscoverytoday.com 1333
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TABLE 1

Data sources for detecting ADRs

Data sources Justifications Advantages Limitations

Primary Data
Sources:
Spontaneous
reporting systems
(SRS) [1,8,19,24,27]

ADRs are reported to the regulatory authorities by
healthcare practitioners, or an individual such as the
patient. ADRs are then documented and readily accessed
for study, research or review purposes

Highly relevant information collected from diverse international
population
Public can access to this platform such as FAERSa

Information collected is wide and varies according to populations
which acts as good source for research and study purposes

Some cases are not reported
Incomplete data received owing to insufficient
information given
Some data are duplicated owing to the similar situations
ADR reporting is subjected to bias because individual
might put blame on medications instead of other reasons
such as change in diet or different supplement intake

Electronic health
record [1,2,10]

Inpatient information collected through diagnosis,
administration of drug. Incidents such as missed dose,
double dose or activties that happen in the hospital for
each patient is recorded and documented

The information is accurate as detailed information such as
diagnosis record, laboratory results, drug dosage are recorded
Information collected is varied with different patients owing to
different genetic background, different diet, different ethnicity,
which gives a high quality for research and study purposes

Sample size is small owing to the limited patients in a
hospital
The information might not be sufficient for ADR detection
owing to the limited patient and short admitted time of
patients in the hospital
Information are subjected to bias owing to the
discrepancy that happens from human errors in the
hospital

Scientific literature
[1,2,8]

Scientific journals and literature written through peer-
review related to ADRs. Information related to ADRs is
collected from different studies and analyzed

Information has quality control through peer review
Information collected from studies conducted by researchers,
which provides a higher quality of the results

Assumptions are included
Information is limited to a few studies
Information can be biased from the studies collected
Study is not of variety owing to limited study and might
not be sufficient for getting high accuracy results related
to ADRs

Social media
[1,6,11,38]

Social media such as twitter, blog, forum related to health,
usually written by non-experts. People tend to discuss
their health information online by using social media
platform

Information is varied and from different groups of populations
across the globe
Content is huge as growing number of patients are sharing their
healthcare experience online, can provide important insight for
clinical practioners

Sophisticated linguistic processing is required to account
for colloguial language, grammatical or spelling errors.
For example, people tend to describe their condition as
‘flat out’ instead of using the word ‘fatigue’. This increases
the complexity in interpreting the data related to ADRs
Information is limited, because people tend not to share
every detail online

Clinical narratives
[1,2,8,9,41]

Literature written by healthcare professionals. They wrote
the literature according to their experience and also the
knowledge that they have

Literature covers a broad range of information including
treatment, clinical conditions, patient history
Literature is accurate as it is based on the experience and
knowledge of healthcare professionals

The information can be bias from the local
documentation
Information is limited to their experiences and knowledge
Information is also limited to local populations

Major secondary data
sources:

1
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3
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Internet archive to estimate when evidence of an ADR first

appeared in the public domain and adjusted the index date in a

backdated analysis. They reported that it was possible to detect

ADRs in advance of public knowledge using a log-based signal-

detection methodology. However, they did not have ground truth

on the intentions behind people’s observed activity, hence they

faced difficulty ascertaining whether the people involved were

truly the group who experienced ADRs. They also concluded that

the symptoms experienced might be caused by a variety of medical

conditions and only some were related to ADRs. Table 2 shows the

methods used for processing the data collected from the sponta-

neous reporting system (SRS) and observational healcare data;

Table 3 shows the methods used for processing data from social

media. Most of the studies above (or in general pharmacovigiance)

focus on using single structured and coded data. For the majority

of studies, only one data mining algorithm is used for developing

drug safety surveillance, hence the performance of these systems is

largely affected by bias owing to the single data source and the

shortcoming of adopting one data mining algorithm. By contrast,

for studies on ‘big data’, a large amount of manual annotation is

required for conducting large-scale drug safety surveillance across

different large data sources. The huge annotation task involved

costs a lot of money and it is very time-consuming. For more-

accurate and -effective ADR detection, there is a need to use data

across different data sources and adopt a more effective model that

can reduce the huge volume of manual annotation work [43].

Causation of ADRs
In addition to medication errors, equipment errors and adminis-

tration errors, ADRs can also be caused by abnormal pharmacoki-

netics as a result of genetic factors when a drug systematically

interacts with human proteins [30,34]. From the biological per-

spective, drugs are considered as molecules that induce perturba-

tion to biological systems, which involves various molecular

interactions such as protein–protein interactions, signaling path-

ways and pathways of drug action and metabolism [13,31]. This

results in systemic ADRs to the drug consumed.

Many patients are on multiple prescriptions and over-the-

counter medications in real-life settings [46]. Liu et al. [29] defined

a synergistic drug–drug interaction (DDI)-induced ADR as arising

from simultaneous interactions between coadministered drugs

and their protein targets, which caused a new or enhanced ADR

beyond what either drug could trigger on its own. Figure 1 sche-

matically illustrates the concept defined by Liu et al. [29], showing

two drugs that individually interact in the body, each causing

therapeutic effects and adverse reactions or enhanced adverse

effects when administered together. These effects are rarely inves-

tigated at post-drug-marketing stages. Although this is rarely

investigated, DDIs are crucially important in knowledge discovery

related to DDI-induced ADRs.

Prediction of ADRs using machine learning
The worldwide explosion of big data characterized by its huge and

messy volume, high speed and complexity has posed many chal-

lenges to healthcare providers. The traditional analytic methods

have been found to be unsuitable for dealing with the sheer

volume of data and their characteristics. Seeing that machine

learning methods have been used extensively in the consumer
www.drugdiscoverytoday.com 1335
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TABLE 2

Summary of methods and framework used for processing data collected from multi resources

Study Methods Major Findings

Signal detectiona methods applied to SRS datab

Holle and Bauchau [19] 147 015 data extracted from corporate SRS, dated from 1987 to 2000
Methods: multi-item gamma poisson shrinker (MGPS) vs a time-to-onset
(TTO) algorithm

When data are of low quality, both methods are
suggested to benefit from the greater ability of TTO to
detect true positive (TP)c signals, while avoiding
signals being missed (or delayed)

Harpaz et al. [18] 4 784 337 data extracted from public FDA adverse event reporting
system (FAERS) reports from 1968 to 2011
Methods MGPS, proportional reporting ratio (PRR), reporting odds ratios
(ROR), logistic regression (LR), extended logistic regression (ELR)

Multivariate modeling methods are more superior
than DP-based (disproportionality-based) methods
but DP-based methods are simpler and faster to
compute
Not all events are equally detectable

Ibrahim et al. [21] 632 722 data extracted from FAERS reports from 4th quarter 2012 till 2nd
quarter 2013. Methods ‘hybrid Apriori algorithm’. It extracted 2933
interacting DIAE. Used Apriori algorithm proof to detect severe life-
threatening FD-labeled effectively besides having the ability to detect
rare ADRs

Apriori algorithm. Precision of 85%, sensitivity of 81%

Signal detection methods applied to observational healthcare data

Ryan et al. [41] Data ten observational databases elaborated observational medical
outcomes partnership (OMOP) (over 130 millionvrecords)
Methods eight methods from the OMOP library

Many false positive (FP)d associations obtained from
all methods. Result is dependent on the desired
tradeoff between Sn and Sp with no clear optimal
algorithm

Schuemie et al. [45] Data extracted from seven databases across three European countries,
dated from 1997 to 2000
Four DP-based methods (BCPNN, Bayesian confidence propagation
neural network; GPS, gamma poisson shrinker; PPR, proportional
reporting ratio; ROR, reporting odds ratio), three cohort methods (BHM,
Bayesian hierarchical model; IRR, incidence rate ratio; LGPS, longitudinal
gamma poisson shrinker), two case-based methods [matched CC (case
control), SCCS (the self controlled case series)], one method for
eliminating protopathic bias employed in combination with previous
methods (LEOPARD, longitudinal evaluation of observational profiles of
adverse events related to drugs)

LEOPARD had a positive impact on the overall
performance of all methods
DP-based methods had lower but not statistically
significant performance
Some ADRs were not detected by all methods

Peddi et al. [40] Data from EHR database
Methods baseline regularization (BR) and multiple self-controlled case
series (MSCCS)

This MSCCS model has improved the performance in
detecting ADRs

Semantically-Enriched, Integrated Signal Detection Method
Koutkias and Jaulent [23] Multiple heterogeneous data sources explored by using multiple

methods
Systematic frameworks that will enable
pharmacovigilance stakeholders to seamlessly share,
access, and different data sources and computational
methods for signal detection

a Signal that used to detect the occurrence of ADRs.
b Data collected from spontaneous reporting system.
c TP means true positive which is a positive result.
d FP means false positive which is an error in data reporting in which a test result improperly indcates presence of a condition (such as a disease) when in reality it is not present.
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retail sector, researchers started to explore this alternative to

replace traditional statistical methods. The term ‘machine

learning’ refers to techniques that give the computer the capability

of acting without being explosively programmed, and algorithms

are constructed to enable computers to learn from data and make a

prediction [7]. Commonly used machine learning methods for

developing classification models are as follows [49]:

i. Linear discriminant analysis (LDA);

ii. k nearest neighbor (kNN) and kNN regression (kNNR);

iii. Artificial neural network (ANN);

iv. Probabilistic neural network (PNN);

v. Support vector machine (SVM) and support vector regression

(SVR);

vi. C4.5 decision tree (C4.5DT);

vii. Recursive partitioning (RP) classifiers;

viii. Random Forest (RF);
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ix. Naive Bayesian classifiers;

x. Multiple linear regression (MLR);

xi. Partial least squares regression (PLSR) and logistic PLS;

xii. Combined classifiers approach.

During recent years, machine learning methods have been used

to extract information on drugs and predict side-effects of drugs

during the drug discovery process. Supervised machine learning

had been used to extract drug information and predict ADR

relations. Nikfarjam and Gonzalez [37] applied the association

rule to mine annotated comments for identifying language pat-

terns frequently used for ADR mentions in social media. Patki et al.

[38] used two supervised machine learning algorithms: multino-

mial naive Bayes and SVM, for mining health-related forums.

Applying a two-step approach, they classified user comments into

two classes: one with mentions of ADR and another one without

mentions of ADR. Then, they inferred whether the combined
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TABLE 3

Summary of methods used for processing data collected from social media

Study. Concept Methods Major findings

Leaman et al. [25] Concept/relation extraction Data trained on conditional random field
(CRF). Lexicon-based (450 comments for
system development)

Quantitative. Against manually annotated data. a

Precision: 78.3%; brecall: 69.9%; cF-measure: 73.9%

Nikfarjam and
Gonzalez [37]

Association rule mining on a
set of annotated comments

Lexical pattern-matching (2400 comments
for pattern building). Association rule
mining to identify patterns

Quantitative. Against manually annotated data.
Precision: 70%; recall: 66.3%; F-measure: 68.0%

Chee et al. [12] Drug classification Ensemble classification using support
vector machine (SVM) and naive Bayes

Mixed. Classification results are combined to
generate drug scores for three drugs, which are
compared against scores for drugs (12) with
known adverse effects, able to identify risky drugs
for FDA scrutiny

Benton et al. [6] Concept/relation extraction Lexicon-based. association rule mining to
identify drug–reaction pairs

Quantitative. Adverse reactions associated with
drugs obtained from product labels and compared
against system reported adverse events

Hadzi-Puric and
Grmusa [17]

Concept/relation extraction Lexicon-based approach for ADR detection.
Statistical scoring for identifying drug–
relation associations

Mixed. Qualitative analysis of identified ADRs
against known ADRs. Precision: 75.3%; recall:
64.7% F-score: 69.599%

Bian et al. [11] ADR classification Classification of tweets using SVM
classifiers. Two classifiers built: one to
predict whether a user has used a drug
(based on the tweets) and the second to
classify if a post contains an adverse effect

Mixed. Evaluation and training is performed on the
same data. Only classification accuracies reported.
Precision: 70%; recall: 69%

Liu et al. [31] Concept/relation extraction Lexicon-based approach for ADR and drug
detection. Shortest dependency-path-
based machine learning algorithm for
relation extraction

Quantitative. Separate evaluations for entity
extraction, ADR detection and classification of
patient experiences using 200 manually annotated
comments

a Precise measures the number of actual positive cases out of those predicted positive cases.
b Recall calculates how many of the actual positives the model captures through labeling it as positive.
c F1 score is used to seek a balance between precision and recall owing to uneven data distribution.
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comments of the drug indicated an inordinate incidence of ad-

verse reactions. However, the supervised machine learning ap-

proach is laborious. All user comments must be annotated by

domain experts or under the guidance of a pharmacology expert

to create the training data. This might not be feasible when

researching many drugs and ADRs with only a very small amount

of drug-related ADRs posted. Moreover, results are highly depen-

dent on the richness and representativeness of the training data.

This is very challenging because patients tend to misspell and use

their own terms instead of medical terms to discuss health issues

on social media.

The machine learning methods were also extended to studies

that took into account the chemical and biological features of

drugs such as chemical structures, target protein, protein–protein

interaction, gene ontology annotations and others at the pre-

marketing stage. Huang et al. [20] used drug targets, protein–

protein interactions and gene ontology annotations as features

and adopted SVM and logistic regression to construct predictors;

whereas Pauwels et al. [39] used four machine methods, namely

kNN, SVM, ordinary canonical correlation analysis and sparse

canonical correlation analysis to train the prediction model based

on chemical structure. Mizutani et al. [33] adopted the sparse

canonical correlation to build prediction models for the com-

bined chemical structure and target proteins. By contrast, Liu

et al. [31] integrated a wide variety of drug-related features and

adopted five machine learning classifiers, namely logistic regres-

sion, naive Bayes, kNN, Random Forest and SVM, to build the

prediction models. At the post-marketing stage, Cheng and Zhao
[13] applied five machine-learning-based predictive models: na-

ive Bayes, decision tree, kNN, logistic regression and SVM, on a

large DDI dataset from the DrugBank database to predict un-

known DDIs based on drug phenotypic, therapeutic, structural

and genomic similarities. They showed that the machine-learn-

ing-based integration of drug phenotypic, therapeutic, structural

and genomic similarities using a systems pharmacology approach

was a simple yet efficient strategy to predict unknown DDIs.

Zhang et al. [59] designed two recommender methods [i.e., the

integrated neighborhood-based method and the restricted Boltz-

mann machine (RBM)-based method] to make prediction on

potential side-effects of drugs. They concluded that the proposed

RBM method, integrated neighborhood-based method and the

ensemble method were promising for predicting the potential

side-effects of approved drugs. Dimitri and Lio [16] presented a

new machine learning tool known as DrugClust as well as K-

seeds, and they adopted the Bayesian score to build a valid

instrument for predicting drug side-effects. This framework could

be easily modified and adapted to different kinds of drug features

and clustering methods. DrugClust showed itself to be a promis-

ing and easy-to-use tool for predicting drug side-effects. A study

by Dimitri and Lio [16] also proved that machine learning tech-

niques such as DrugClust as well as the cluster algorithms and K-

seeds have shown accuracy in predicting ADRs. They used the

results from Zhang et al. [58], Liu et al. [31], and Mizutani et al.

[33] as the benchmark references for their results. Their study

showed that the results produced from DrugClust are consistent

with the three benchmark references.
www.drugdiscoverytoday.com 1337
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FIGURE 1

Schematic illustration of drug reactions in the body. Co-administration of Drug 1 and Drug 2 may result in therapeutic effect or may induce other adverse effects
or may enhance the existing ADRs caused by individual drugs.
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In the study conducted by Xiong et al. [55], the authors used

machine learning approaches to study cytokine release syndrome

(CRS). Many ADRs of drugs that were not discovered during animal

testing were discovered when machine learning approaches were

used. Xiong et al. [55] used machine learning techniques such as

hierarchical cluster analysis (HCA), principal component anaylysis

(PCA) and decision tree classification (DTC) to study CRS on

donors. Their results showed that these three approaches reveal

different information on the response produced in the body from

the drugs [55].

Combined classifier models, which were ensembles of different

independent machine learning classifiers including SVM, decision

tree, kNN and naive Bayes, fused by a back-propagation artificial

neural network (BP-ANN), were developed to predict inhibition of

five major CYP isoforms, namely CYP1A2, 2C9, 2C19, 2D6 and 3A,

based on a large dataset of >24 700 unique compounds (Cheng

et al. [13]). All developed models were validated by fivefold cross-

validation and a diverse validation set composed of �9000 diverse

unique compounds. The overall performance of the combined

classifiers fused by BP-ANN was found to be superior to that of

three classic fusion techniques (mean, maximum and multiply).

Another combined classifier framework was developed through

integration of five machine learning algorithms: logistic regres-

sion, Random Forest, kNN, SVM and neural network (NN) (Cheng

et al., 2018 [13]). A NN algorithm was used to integrate the best

four single classifiers for each cardiovascular outcome (hyperten-

sion, heart block, arrhythmia, cardiac failure and myocardial

infarction). The combined classifiers were recorded to have higher
1338 www.drugdiscoverytoday.com
performance with an AUC range from 0.784 to 0.842 compared

with single classifiers.

The nonliner and imbalanced nature of biological data together

with the need to analyze the massive amount of big data has

motivated researchers to use machine learning as an alternative to

traditional statistical models; machine learning methods demon-

strate good performance only when the dataset is small. Machine

learning methods that are operating on big data do not correct the

problem of bias [20]. The big data fed into machine learning can

help to provide broader data by linking more variables such as

patient medical comordities, the drugs they take and so on [41,47].

However, the data are unable to measure disease severity, disease

stage and others [14]. The emergence of big data has motivated

some researchers to explore a more powerful and efficient ap-

proach known as deep learning, which is a subset of machine

learning designed to deal with that massive amount of data for

drug discovery [56].

From machine learning to deep learning for prediction of ADRs
As described by Zhang et al. [57], deep learning is like deep NNs

that consist of nonlinear processing units that tranform informa-

tion from one level to another level. It is a special but increasingly

large branch of machine learning. One area of machine learning is

NNs [57]. NNs can be divided into various forms such as convolu-

tional neural networks (CNN or Convnet) and recurrent neural

networks (RNN). The networks consist of many layers of represen-

tation, starting from the low representation (raw input) to hidden

layers, and then to higher levels of representations. The addition of
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TABLE 4

Differences between machine learning and deep learning

Machine learning Deep learning

Only consists of one layer without having the hidden layers [23] Consists of many hidden layers of representation learning. It can transform the
representations or features at one level (raw input) into a representation at a higher
and more representative level [26]

Requires manual annotation by domain experts, very time
consuming [55,57]

Does not require manual annotation, able to perform automatic feature extraction (e.
g., deep learning methods can automatically select representations from raw, high
dimension and heterogeneous molecular descriptors) [55,57]

Suitable to process small datasets. The data size can be increased
greatly, but the machine is unable to correct the problem of bias
if the data are lacking key clinical severity measures [14]

Has the capability of processing huge datasets (big data) that carry high and
heterogeneous dimensions from diverse sources (e.g., can even process large chemical
and biological data) [55,57]

Common classifiers used are [55,57]:
- Linear discriminant analysis (LDA)
- Support vector machines (SVM)
- Decision trees (DTs)
- Random forest (RF)
- k-nearest neighbor (kNN)
- Artificial neural networks (ANN)

Commonly used networks are [55,57]:
- Convolutional neural networks (CNN)
- Stacked autoencoders
- Deepe belief networks (DBN)
- Restricted Boltzmann machine (RBM) Re

vi
ew

s
� F

O
U
N
D
A
TI
O
N

R
EV

IE
W

several hidden layers makes the NN ‘deep’ and, hence, it is a broad

and expanding category of algorithmic methods with the ability of

taking in large amounts of data and processing them through the

neural network, which then extracts the information and pro-

duces the results.

The most commonly used deep learning networks are CNN,

stacked autoencoders, deep belief networks (DBN) and restricted

Boltzmann machines [57]. Zhang et al. [57] provided an illustration

of deep learning where the raw input (e.g., the color of the image)

data were collected and then transformed in the next layer of the

processing unit to produce output data. Table 4 and Fig. 2 illustrate

the difference between machine learning and deep learning.

Deep learning has been used in drug discovery for new drug

molecule identification, protein engineering, gene expression data
Machine learning process

Social

media,

EHR,

SRS

Big datasets

from social

media, EHR,

SRS

Manual
annotated
features

Deep learning process

Multiple layers of r
of deep learning

FIGURE 2

Schematic overview of steps involved in machine learning process and deep lea
analysis and pharmacodynamics modeling. According to Wang

et al. [52], the deep learning approach was utilized in protein

engineering with the aim of discovering more potential functions

of protein because the results produced are of higher accuracy.

Owing to its capability to take in a massive amount of data and

extract these data, deep learning was also adopted in medicine

development, sequence specification prediction and genomic

modeling for drug repurposing [26]. Deep learning techniques

are now used in precision medicine where they are used to geneti-

cally tailor to the gene of an individual to predict future diseases

that could be contracted by an individual [28]. It was demonstrat-

ed that the efficacy of restricted deep learning on addressing

multilabeled learning with incomplete labels was good, especially

at addressing a vanishing gradient problem [53].
Machine
learning
algorithm

Predicted
ADRs

Predicted
ADRs

epresentations
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rning process for prediction of ADRs.
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Although much effort has been expended on using deep learn-

ing for drug discovery, very little effort has been made to predict

ADRs using deep learning methods. Based on its demonstrated

potential in drug discovery, it is proposed that deep learning must

be exploited for the prediction of ADRs because it has the capabil-

ity of eliminating the need for the manual annotation of big data,

which is very time-consuming. It can also perform automatic

feature extraction, without the need for human input, from raw

big data that carry high dimensionality, contain a lot of noise, are

heterogeneous, sparse, incomplete and contain random errors and

systematic biases.

For deep learning, when large NNs are constructed and trained

with an increasing amount of data, their performance will contin-

ue to increase, which is different from machine learning techni-

ques which can reach a plateau in performance at a certain stage of

training. It can take much more time at the beginning to fine-tune

the network to allow features from the higher levels of the hierar-

chy to be formed by the composition of the lower-level features;

but the learning features at multiple levels of abstraction will allow

a system to learn complex functions and map the input directly to

the output data without depending on human-crafted features. If

the network is very deep, the computer will continue to teach itself

as it reads more input data and it will become increasingly efficient

as the training continues.

The black box
The ‘non-interpretability’ of a deep learning model and its limited

‘explainability’ is a hot topic in the artificial intelligence (AI)

community. It is frequently referred to as a black box with data

fed to the machine as an input at one end, and decisions come out

as an output at the other end, but the processes between input and

output are opaque. This highly complex deep learning model,

where input data can undergo complex transformation in multiple

hidden layers in an unexplainable way, has led many to question

the transparency of the model. Because of this, although deep

learning models are giving increasingly advanced results in diverse

problems, their lack of interpretability is a major problem. Com-

pared with the network-based approach which uses network prox-

imity measures to clearly quantify the relationship between side-

effect and drug target in a human protein–protein interaction

network, the outcomes obtained using the deep learning approach

are still nonqualitative and unexplainable, and it only provides a

predictive score for each prediction, where a higher score means a

higher probability of occurrence. By contrast, the network-based

approach can give a clear explanation on how incorporating

network proximity together with large-scale patient longitudinal

data and in vitro experimental assays can facilitate prediction and

drug repurposing (Cheng et al. [13]).

For prediction of ADRs, an understanding of why, what and how

ADRs are detected by algorithm learning models is important.

Healthcare providers expect the machine to be able to explain

why, what and how a decision is reached. This is especially

important for deep learning, where input data undergo complex

transformation in multiple hidden layers and the model can

become very complex. For deep learning to enter the highly

regulated medical field, the science of implementing deep learning

must be improved and interpretable deep learning algorithms

must be developed to unfold the black box. Its performance can
1340 www.drugdiscoverytoday.com
be further enhanced by incorporating the network interaction

features into the model.

Potential applications for deep learning
Deep learning has shown remarkable growth and outstanding

performance in many areas ranging from image recognition and

natural language processing to biomedical applications. Despite its

outstanding performance and its great potential capability of

performing automatic feature extraction, deep learning is still

widely used as a simple classifier. In this review, we focus on

developing a novel conceptual framework of an interpretable

end-to-end deep learning model that can predict ADRs from

hidden features of chemical structures of drugs and all the latent

features from the biological, chemical, phenotypic and network

data. By automatically learning from hidden features of the drug

structure and other pertinent data directly, our approach can

alleviate the sophisticated effort and time required for expensive

feature engineering processes and it enables prediction of inter-

pretable ADRs that might be unknown to domain experts.

Recognizing the importance of using various health datasets for

the prediction of ADRs, we propose exploiting the capability of

deep learning for the prediction of ADRs as shown in our two-stage

deep learning framework in Fig. 3. The first stage comprises the

collection of various types of data from publicly available big

datasets. In this paper, to overcome the ‘black box’ nature of deep

learning, we propose to incorporate pathway- and network-based

databases such as drug substructure data, drug target data, drug

enzyme data, drug transporter data, drug pathway data, drug

indication data, drug side-effect data, drug off-side-effect data as

well as network data as training and testing datasets. To produce

interpretable ADR predictions directly from low-level representa-

tions, SMILES – a simple line text-based molecular notation format

– represents the chemical structure that will be used. The informa-

tion about targets, transporters, enzymes and pathways can be

extracted from DrugBank. To obtain the drug indication and

pharmacological information, the side-effect records of drugs in

the SIDER, OFFSIDES, social media, clinical narrative and sponta-

neous reporting systems are also included. Deep learning has the

capability of automatically learning meaningful hidden feature

representations by training and transforming the multisource

input data in the complex multiple layer networks. The learned

network can discover high-level features, increase interpretability

and provide biological insights to understand the nature of the

ADR prediction. The results obtained can be compared with those

of FAERs to evaluate the accuracy of prediction.

After predicting the ADRs for the drugs, we further extend the

applications of deep learning to the second stage for other predic-

tive applications, such as drug repurposing and precision medi-

cine. For example, in the case of drug repurposing, drugs that cause

ADRs of hypotension can be used for the treatment of hyperten-

sion; whereas drugs that cause hair growth as a side-effect can be

repurposed for treating hair loss. Deep learning methods such as

DNNs can be applied to predict pharmacologic properties of the

drugs and train the networks to repurpose the drug usage (Fig. 3).

This will save the drug manufacturers an enormous amount of

time and effort in getting a new drug approved because detailed

information on pharmacology, formulation and potential toxicity

of the existing drugs is already available and, hence, these drugs
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FIGURE 3

Schematic overview of our proposed two-stage deep learning conceptual framework.
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can be ready for clinical trials quickly and reviewed by the FDA for

immediate approval.

In pharmacovigilance, the body’s response to drugs is a com-

plex phenomenon. Every drug is different when it interacts with

different human bodies. A drug that works well for one person

might not work well for another. Conventional prediction meth-

ods, although they have been successful in showing the associa-

tion between drug(s) and associated ADRs, are unable to deduce

the causal relationships of ADRs, establish the biological proper-

ties of the drug and patient, as well as determine their degree of

severity. Because the mechanism and reasons why ADRs occur are

largely unknown, many times, physicians are unaware of ADRs

that can occur for patients with no previous ADR experiences or

physicians might fail to foresee any new ADRs that are different

from previous cases that have occured for the same patient.

Physicians tend to prescribe what has worked for other patients

in the past, as opposed to giving precision medicine treatment to

patients based on biological, chemical and phenotypic informa-

tion. To improve the healthcare service, deep learning can be

used to drive toward precision medicine, as shown in the second

stage of our framework in Fig. 3. Patient medical profile data, such

as weight, age, blood pressure, polypharmacy, previous ADRs,

genomic and phenotypic data, as well as data on chemical

compounds, among others, available in the large-scale electronic

healthcare data can be used as input for the deep learning process.

Every patient in the data warehouse can be represented using

these features. We can then derive the patient representation

using a multilayer NN in a deep learning architecture. Each layer

of the network is trained under unsupervised learning to produce
a higher-level representation of the observed patterns, based on

the data it receives as input from the layer below. Every level

produces a representation of the input pattern that is more

abstract than the previous level because it is obtained by com-

posing more nonlinear operations. Briefly, our proposed two-

stage deep learning conceptual framework in Fig. 3 can be sum-

marized as follows:
� Stage one of the deep learning process:

� preprocessing stage to obtain data representations from the

big data;

� the data representations are modeled by the unsupervised

deep architecture leading to a set of general and robust

features for prediction of ADRs.

� Stage two of the deep learning process:
� for precision medicine, the deep learning is applied to drugs

and ADR features together with the entire extracted EHR

database to derive precision medicine presentations;
� for repurposing of drugs, deep learning can be applied to

drugs and their associated ADR features together with

chemical and biological properties associated with the

problem to be solved to repurpose the drug usage.

With the availability of predicted ADRs for patients based on

biological, chemical, phenotypic as well as network data, physi-

cians can then use deep learning ADR prediction approaches to

monitor the progress of their patients’ treatment to check whether

any ADRs are likely to occur before any new medicine is prescribed.

The platform can also automatically detect any patient with a high

probability to develop a certain ADR and the level of its serious-

ness. Healthcare providers can then take appropriate action to
www.drugdiscoverytoday.com 1341
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address the issue by carefully monitoring the treatment progress of

the related patient. This will result in better clinical decision

making and achieve better clinical outcomes.

Concluding remarks
Here, we review and compare numerous traditional approaches

and machine learning methods for pharmacovigilance. Based on

demonstrated achievements of deep learning in the drug discovery

stage for detection of drug side-effects, we propose a new two-stage

deep learning framework for prediction of ADRs during post-

marketing drug surveillance. The new framework consists of

two stages with the first stage used to predict the association

between drugs and their adverse reactions by using deep learning

methods running on big data. The second stage focuses on preci-

sion medicine by integrating an individual’s biological data into

the system. Drugs that are considered to be harmful are then

exploited for repurposing. In comparison with traditional statisti-

cal models and machine learning methods, the advantages of

using this two-stage deep learning framework are: (i) deep learning

has a powerful capability to accommodate and process useful
1342 www.drugdiscoverytoday.com
information using big data obtainable from heterogeneous sources

for prediction of ADRs; (ii) it can integrate information written

using different vocabularies from multiple sources; (iii) it can

perform many layers of learning to form new associations and

representations. Hence, our proposed two-stage deep learning

conceptual framework shows great promise to help maximize

the predictive capabilities that can effectively infer associations

and model new potential properties of drugs, thereby showing

potential to predict ADRs as well as improving the potential for

drug repurposing. With this proposed framework, it is our hope

that the crucial ADR issue can be reduced or resolved as physicians

can make full use of the approach to perform ADR prediction,

which will enable them to monitor their patients’ treatment

progress and hence they can check whether an ADR is likely to

occur before any new medicine is prescribed. For the pharmaceu-

tical industry, the drug company can fully translate the side-effects

of drugs into different drug usage for better healthcare purposes.

With the adoption of this framework, drug manufacturers, health-

care providers, as well as patients will receive tremendous benefits

in the future.
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