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Abstract
Timely identification of adverse drug reactions (ADRs) is highly important in the domains of public health and pharmacology.
Early discovery of potential ADRs can limit their effect on patient lives and also make drug development pipelines more robust
and efficient. Reliable in silico prediction of ADRs can be helpful in this context, and thus, it has been intensely studied. Recent
works achieved promising results using machine learning. The presented work focuses on machine learning methods that use
drug profiles for making predictions and use features from multiple data sources. We argue that despite promising results, existing works have limitations, especially regarding flexibility in experimenting with different data sets and/or predictive models.
We suggest to address these limitations by generalization of the key principles used by the state of the art. Namely, we explore
effects of: (1) using knowledge graphs—machine-readable interlinked representations of biomedical knowledge—as a convenient uniform representation of heterogeneous data; and (2) casting ADR prediction as a multi-label ranking problem. We present
a specific way of using knowledge graphs to generate different feature sets and demonstrate favourable performance of selected
off-the-shelf multi-label learning models in comparison with existing works. Our experiments suggest better suitability of certain multi-label learning methods for applications where ranking is preferred. The presented approach can be easily extended
to other feature sources or machine learning methods, making it flexible for experiments tuned toward specific requirements of
end users. Our work also provides a clearly defined and reproducible baseline for any future related experiments.
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Introduction
Adverse drug reactions (ADRs) can cause significant clinical problems and represent a major challenge for public health and the
pharmaceutical industry. During a drug development process,
pharmacology profiling leads to the identification of potential
drug-induced biological system perturbations including primary
effects (intended drug–target interactions) as well as secondary
effects (off-target–drug interactions) mainly responsible for ADRs

[1]. Many ADRs are discovered during preclinical and clinical trials before a drug is released on the market. However, the use of a
registered drug within a large population (demonstrating a wider
range of clinical genotypes and phenotypes than considered in
the clinical trials) can result in serious ADRs that have not been
identified before. This has a large impact on patient safety and
quality of life, and also has significant financial consequences for
the pharmaceutical industry [2].
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The result of a recent review of epidemiological studies in
Europe states that 3.5% of hospital admissions are because of
ADRs and 10% of patients experience an ADR during their hospitalization [3]. ADRs are a major cause of morbidity (and associated reduction of quality of life) and mortality [4, 2]. Recent
estimates set the number of yearly drug-induced fatalities to
100 000 in the United States and almost 200 000 in Europe, making it the fourth cause of death before pulmonary diseases or
diabetes [5, 3]. In addition to the significance for the public
health, ADRs are associated with an important economic burden imposed for public health systems and pharmaceutical industry. The extra costs are caused mainly by the withdrawal of
dangerous drugs from the market, litigations and further hospitalizations to treat the adverse effects. The annual cost of ADRs
in the United States is estimated at $136 billion [6].
Any improvements in the early identification of ADRs can
decrease the high attrition rate in the drug discovery and development process. After the drug registration, better prediction of
ADRs can alleviate associated clinical problems and decrease
the adverse effect-induced extra costs. In silico approaches to
predict ADRs of candidate drugs are now commonly used to
complement costly and time-consuming in vitro methods [7].
Computational methods differ by the drug development/deployment stage they are applied at, and by the features used for
the prediction of ADRs. Pharmacovigilance systems (monitoring
the effects of drugs after they have been licensed for use) mine
statistical evidence of ADRs from spontaneous reports by physicians, such as the Food and Drug Administration (FDA) Adverse
Event Reporting System (FAERS) [8–10]; from patient records
[11]; or more recently from non-traditional sources, such as logs
of search engine activity or social media [12, 13]. While these
methods limit the risk of serious public health issues by identifying early occurrences of ADRs, they assume that such adverse effects are already demonstrated within a population.
Computational prediction of ADRs during the development
cycle of a drug (before the drug is licenced for use) can reduce
the cost of drug development and provide a safer therapy for
patients [14]. Most state-of-the-art techniques adopt a drugcentric approach and rely on the assumption that similar drugs
share the same properties, mechanism of action and therefore
also ADRs [15, 16] (there are also methods that focus on the ADR
information to overcome certain specific problems like drugs
with little or no features at all, or ADRs with low number of
related drugs [15, 9]. The methods are, however, less numerous
and also harder to evaluate in a comparative manner).
Predictions of new ADRs are then based on a drug–drug similarity network. In most of the early works, this network was based
on the similarity of the substructures within the active ingredients of drugs [17–20]. More recent approaches combine data
covering both chemical space of drugs and biological
interaction-based features such as drug target, pathways, enzymes, transporters or protein–protein interactions [21–23].
Lately, integrative methods take into account also phenotypic
observation-based features such as drug indications [24–27].
The availability of multi-source structured data has allowed for
integration of complementary aspects of drugs and their links
to side effects leading to higher accuracy [28].
The scope of this review is given by recent state-of-the-art
methods (from 2011 on) that satisfy two key requirements. First,
we consider methods that take advantage of multi-source structured data. Secondly, we focus on techniques that use machine
learning to predict the likelihood of a side effect being caused by
a given drug (drug-centric approach). Table 1 lists the reviewed
approaches along with the features they use.
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Atias and Sharan, Pauwels et al. Mizutani et al. Yamanishi et al. Liu et al. Bresso et al. Huang et al. Jahid and Ruan
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2011 [17]
(2011) [18]
(2012) [21]
(2012) [22]
(2012) [24] (2013) [19] (2013) [23]
(2013) [20]
(2015) [25, 28, 26] (2016) [29]
(2016) [27]
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Table 1. Multi-source feature sets used by state-of-the-art methods
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While many of the state-of-the-art approaches produce results that have great potential for being used in drug development pipelines, there are still things to improve. A limitation
that is most relevant as a motivation for the presented review is
the lack of flexibility that prevents users who are not proficient
in machine learning from easily using the predictive models.
This makes it difficult for people like biologists, pharmacologists or clinicians to experiment with data and models
fine-tuned towards their specific requirements on the ADR
prediction (such as increasing the sensitivity or specificity of
the model). The main issue of existing models is that they typically work with data sets that have been manually preprocessed,
and the particular prediction methods are adapted to the experimental data in a focused manner.
We review the key points and limitations of existing
approaches and introduce their generalization based on: (1) tapping into many diverse interlinked knowledge bases (i.e. knowledge graphs) related to drugs and adverse effects that
substantially limits the manual effort required for data integration and feature engineering. (2) Rigorous formulation of the
ADR prediction problem as a multi-label learning-to-rank problem that allows for easy experimentation with many off-theshelf machine learning models.
We show that specific applications of these two principles can
lead to performance comparable with existing methods.
Moreover, the proposed approach produces ranked predictions
by default, with many relevant predictions present at the top of
the ranked result lists. This is potentially useful in scenarios
where experts (e.g. pharmaceutical researchers or public health
officials) have limited time and/or resources, and thus they can
only process a few prediction candidates out of many possibilities
(there can often be hundreds of predictions for a single drug).
The main contributions of this work are as follows. We propose a specific way of using knowledge graphs to generate different feature sets for ADR prediction and demonstrate the
favourable performance of selected off-the-shelf multi-label
learning models in comparison with existing works. In addition
to that, we show how the approach can be easily extended to
other feature sources or machine learning methods. This makes
the method flexible for experiments tuned towards specific requirements of end users. Our results and data also provide a
clearly defined and reproducible baseline for any future related
experiments.

Materials
Various publicly available data sources can be used to define
similarity between drugs [14]. Each data source describes a
specific aspect of the pharmacological space of a drug such as
its chemical, biological or phenotypic properties. For instance,
SIDER database [30] presents information of side effects and
indication for marketed drugs. PubChem Compound data [31]
contain chemical structure description of drugs. DrugBank [32]
provides detailed information about drugs such as their
binding proteins and targets, enzymes or transporters, thus
informing on drugs’ mechanism of action and metabolism.
KEGG Genes, Drug, Compound and Disease databases [33]
describe further information about molecular interaction of
drugs and their signalling pathways.
In the following, we review the materials—results of data integration using multiple data sources, provided by the authors of
the state-of-the-art methods. Because previous data integration
activities were expensive and mostly carried out manually, here,
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Table 2. The data set characteristics
Data set
Liu’s data set
Bio2RDF data set
SIDER 4 data set
Aeolus data set

Number of drugs

Number of side effects

832
1824
1080
750

1385
5880
5579
181

we propose a different data source and representation, which
can be considered a superset of all previous data sets used. This
data source is represented using a graph database, a model in
which it is simpler to integrate different data sources such as the
ones already mentioned. We also provide an algorithm to generate the required drugs’ profile, similarly to the ones provided by
the reviewed methods (Supplementary Section D). For comparisons, we use Liu’s data set [24] and Zhang et al. [25] data set
termed ‘SIDER 4’ as benchmarks. As presented in Table 1, Liu’s
data set contains six types of features covering the chemical, biological and phenotypic spaces of drugs combined with information on their associated ADRs (cf. Table 2). We use this data set as
primary means to compare the reviewed methods. SIDER 4 data
set introduced by Zhang et al. [25] is an update of Liu’s data set
integrating the fourth version of SIDER. This data set is interesting, as it introduces newly approved drugs for which fewer postmarket ADR have been detected. We use the SIDER 4 data set as
secondary means to compare the methods.
A new alternative multi-source graph data have recently become via the Bio2RDF project [34]. Bio2RDF publishes the
pharmacological databases used in many ADR prediction experiments in the form of a knowledge graph—a standardized,
interlinked knowledge representation based on labelled relationships between entities of interest. Bio2RDF data were first
~ oz et al. [27], where drug
used for the prediction of ADRs by Mun
similarities were computed by measuring the shared connections between drugs in the graph. Here, we build on top of that
and evaluate the use of the BioRDF knowledge graph as a means
to facilitate the generation of more expressive features for computing similarity between drugs. Such automatically generated
data can be used to replace or enrich existing manually integrated feature sets, and be used to evaluate prediction methods
as per normal machine learning pipelines.
Finally, to get another perspective for interpreting the evaluation results, we use the FDA FAERS [8, 10]. FAERS publishes recent ADR reports coming from population-wide post-marketing
drug effect surveillance activities. Extracting the most recent
ADRs for newly marketed drugs helps us to evaluate the ability
of various methods to predict ADRs of drugs after their release
on the market. We extract this information from the Aeolus
data set [35], which is a curated and annotated, machinereadable version of the FAERS database. We use Aeolus to generate an updated version of the SIDER 4 data set that includes
also the latest ADRs as observed in the population.
For details on the generation of Liu’s data set [24] and the
SIDER 4 data set [25], we refer the readers to the original articles.
We will now detail the construction of the ‘Bio2RDF data set’
and the ‘Aeolus data set’.

Bio2RDF data set
The Bio2RDF project (http://bio2rdf.org/) aims at simplifying the
use of publicly available biomedical databases by representing
them in a form of an interconnected multigraph [34, 36].
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Figure 1. A Bio2RDF fragment around the cyclophosphamide drug, showing the connections between three main databases: DrugBank, SIDER and KEGG.

The project provides a set of scripts (https://github.com/bio2rdf)
to convert from the typically relational or tabular databases (e.g.
DrugBank; SIDER) to a more flexible triple-based RDF (Resource
Description Framework) format. The project also makes available the output of their conversions, and in its version 4, published in December 2015, Bio2RDF represented 30 databases
including PubChem, DrugBank, SIDER and KEGG, among others
with valuable drug-related information. Each information such
as drug, protein or side effect is represented as a node entity
with a unique identifier, and each relation between them as an
edge with a qualified label, generating a network of great value
for bioinformatics [37]. Here, we use the release 4 of Bio2RDF
and represent its data using a knowledge graph
G ¼ fhs; p; oig  E  R  E, which is a set of hs; p; oi triples each
consisting of a subject s, a predicate p and an object o, and
encoding the statement ‘s has a relationship p with o’. The subject and object s; o 2 E are entities, p 2 R is a relation type and E;
R denote the sets of all entities and relation types in the knowledge graph, respectively. Figure 1 shows a fragment of the
Bio2RDF knowledge graph that integrates three databases,
namely, DrugBank, SIDER and KEGG. Usually, connections between databases are made using identifiers such as PubChem
compound or Chemical Abstracts Service (CAS) number. Notice
that a knowledge graph can also be built from the original databases using different methods or scripts, and here, we select
Bio2RDF because it already contains mappings for most of the
relevant databases.
A knowledge graph G can contain biomedical facts [note that
the URIs in the examples are used as unique identifiers; the
availability of corresponding records through an HTTP request
(such as in a browser) depends on a third-party service
(Bio2RDF.org)] such as:

Table 3. Number of hs; p; oi triples in the Bio2RDF data set used in our
experiments
Data set
DrugBank
SIDER
KEGG

Type of information

Number of triples

Drug types, chemical information
Side effects of drugs
Drugs, genes and pathway maps

5 151 999
5 578 286
4 387 541

hhttp://bio2rdf.org/drugbank:DB00531, label, “Cyclophosphamide”i

or
hhttp://bio2rdf.org/drugbank:DB00531, enzyme, http://bio2rdf.org/
kegg:1.14.13.-i.

This format allows for easy representation of equivalences or
external links between data sources as an additional relation/
edge. For instance, a relationship between a DrugBank drug and
a PubChem compound can be expressed as:
hhttp://bio2rdf.org/drugbank:DB00531, x-pubchemcompound, http://
bio2rdf.org/pubchem.compound:2907i.

By simply merging multiple data sources from Bio2RDF, we
are able to build an integrated knowledge graph with links between databases materialized. During the integration, the
PubChem compound of a drug is used to link DrugBank and
SIDER, while the CAS number is used to link DrugBank and
KEGG. This flexibility for generating training and testing data is
currently impossible with the manual integration pipelines
used by the reviewed methods. In our experiments, we shall
use a knowledge graph integrating the DrugBank, SIDER and
KEGG databases (cf. Table 3).
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Aeolus data set
Aeolus [35] is a curated and standardized adverse drug events
resource meant to facilitate research in drug safety. The data in
Aeolus come from the publicly available US FDA FAERS, but is
extensively processed to allow for easy use in experiments. In
particular, the cases (i.e. ADR events) in the FAERS reports are
deduplicated and the drug and outcome (i.e. effect) concepts are
mapped to standard vocabulary identifiers (RxNorm and
SNOMED-CT, respectively). A similar approach for extracting
ADR terms from FDA-approved drug labels was applied in [38]
to group similar drugs by topics. However, Aeolus is preferred
because of its curated status.
The Aeolus data set is presented in a convenient commaseparated values (CSV) format, from which we can easily extract
pairs of drugs and their adverse effects ranked by the statistical
significance of their occurrences within the FAERS reports. We
map the identifiers for drugs and for adverse effects in Aeolus
to the ones in DrugBank, which are used in our experiments.
This means that we are able to use the FDA FAERS data as an
additional manually curated resource for validating any adverse
effect prediction method, as detailed later on in the description
of our experiments.

Methods
In this section, we present details of the reviewed approaches
for ADR prediction, on the basis of a multi-label learning
setting.

Multi-label learning framework
As a drug can generally have multiple adverse reactions, the
ADR prediction can be naturally formulated as a multi-label
learning problem [39]. Multi-label learning addresses a special
variant of the classification problem in machine learning, where
multiple labels (i.e. ADRs) are assigned to each example (i.e.
drug). The problem can be solved either by transforming the
multi-label problem into a set of binary classification problems
or by adapting existing machine learning techniques to the full
multi-label problem (see https://en.wikipedia.org/wiki/Multilabel_classification for more details and a list of examples).
Most of the current ADR prediction methods, however, do
not fully exploit the convenient multi-label formulation, as they
simply convert the main problem into a set of binary classification problems [40]. This is problematic for two main reasons.
First, transforming the multi-label problem into a set of binary
classification problems is typically computationally expensive
for large numbers of labels (which is the case in predicting thousands of ADRs). Secondly, using binary classifiers does not accurately model the inherently multi-label nature of the main
problem. We validate these two points empirically in ‘Results
and discussion’ section. Here, we follow the philosophy of algorithm adaptation: fit algorithms to data [40].
Yet, there are exceptions, such as the work in [25], presenting the multi-label learning method FS-MLKNN that integrates
feature selection and k-nearest neighbours (kNN). Unlike most
previous works, Zhang et al. [25] propose a method that does not
generate binary classifiers per label but uses an ensemble learning instead. (We shall provide more details of this and other
~ oz et al. [27]
methods in ‘Learning models’ section.) Also, Mun
proposed a multi-label solution for the prediction problem using
a constrained propagation of ADRs between neighbouring
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drugs, making clear the benefits of a graph structure of data (cf.
Supplementary Section F).
In the following, we formalize the learning framework with Qlabels as in [41, 42]. Let X ¼ fx1 ; x2 ; . . . ; xN g be the instance space
of N different data points (i.e. drugs) in Rd , and let Y ¼ fy1 ; y2 ; . . . ;
yQ g be the finite set of labels (i.e. ADRs). Given a training set
D ¼ fðxi ; Yi Þj1  i  Ng, where xi 2 X is a d-dimensional drug
feature vector ½xi1 ; xi2 ; . . . ; xid > and Yi 2 2Y is a vector of labels
associated with xi , the goal of the learning system is to output a
multi-label classifier h : X ! 2Y , which optimizes some specific
evaluation metric. In most cases, however, the learning system
will not output a multi-label classifier but instead will produce a
real-valued function (aka. regressor) of the form f : X  Y ! R,
where f ðx; yÞ can be regarded as the confidence of y 2 Y being a
proper label of x. It is expected that for a given instance x and its
associated label set Y, a successful learning system will tend to
output larger values for labels in Y than those not in Y, i.e. f ðx; y1 Þ
> f ðx; y2 Þ for any y1 2 Y and y2 2
6 Y. In other words, the model
should consistently be more ‘confident’ about true positives
(actual ADRs) than about false positives. Intuitively, the regressor
f ð; Þ can be transformed into a ranking function rankf ð; Þ, which
maps the outputs of f ðx; yÞ for any y 2 Y to fy1 ; y2 ; . . . ; yQ g such
that if f ðx; y1 Þ > f ðx; y2 Þ, then rankf ðx; y1 Þ < rankf ðx; y2 Þ. The ranking function can naturally be used for instance for selecting top-k
predictions for any given drug, which can be useful in cases
where only limited numbers of prediction candidates can be further analysed by the experts.
Our learning problem can now be formally stated as: given a
drug x and a finite-size vector Y with its initially known adverse
reactions (i.e. labels) seek to find a discriminant function
b where Y
b is a finite-size vector representation of the
f ðx; YÞ ¼ Y,
b ¼ ½f ðx; y1 Þ; . . . ; f ðx; yQ Þ> for yi 2 Y. For inlabelling function Y
stance, headache (C0018681) and vomiting (C0042963) are common adverse reactions of atomoxetine (DB00289), a drug used
for the treatment of attention deficit hyperactivity disorder, and
they should be ranked higher than conjunctivitis (C0009763) or
colitis (C0009319), which are rare or unregistered ADRs for
atomoxetine (cf. Supplementary Section E for features manipulation guidelines).

Learning models
To complement most previous works, we formulate ADR prediction as a multi-label ranking problem, and train different machine learning models. This allows for approaching the problem
more naturally in many practical use cases, such as when one
prefers to explore only a few, i.e. the most relevant adverse effect candidates out of many possible for a certain drug. Multilabel learning models learn how to assign sets of ADRs/labels to
each drug/example. The main motivation for our model choices
was to have a representative sample of the different multi-label
learning families described in the machine learning literature
(ranging from decision trees through instance-based learning or
regression to neural networks). Such an approach demonstrates
the broad range of possibilities when adopting off-the-shelf
models. We investigate state-of-the-art multi-label learning
models, namely, decision trees, random forests, kNN and multilayer perceptron. We also investigate the use of logistic regression binary classifiers for multi-label following the one-vs-all
strategy in which the system builds as many binary classifiers
as input labels, where samples having label y are considered as
positive, and negative otherwise (cf. Supplementary Section B
for a description of each model).
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Among the methods for predicting ADRs that accept multisource data are Liu’s method, FS-MLKNN (feature selection-based
multi-label k-nearest neighbour) [25], the linear neighbourhood
similarity methods (LNSMs) with two different data integration
approaches, similarity matrix integration (LNSM-SMI) and cost
minimization integration (LNSM-CMI) [28] and, finally, knowledge
graph similarity propagation (KG-SIM-PROP) [27]. Liu et al. [24]
proposed a multi-source method using chemical, biological and
phenotypic information about drugs and built an SVM classifier
for each ADR. FS-MLKNN is a method that simultaneously determines critical feature dimensions and builds multi-label prediction models. An FS-MLKNN model is composed of five MLKNN
models constructed from a selected subset of features selected
using a genetic algorithm. In the learning step, the LNSM-SMI
method generates K similarity matrices from K different data
sources and combines them using hi weights (for all 1  i  K),
while the LNSM-CMI learns the LNSM independently on each
data source. LNSM is itself a method that can train models and
make predictions based on single-source data, and takes the assumption that a data point (i.e. drug) can be optimally reconstructed by using a linear combination of its neighbours. Because
of this, LNSM methods usually require a large number of neighbours to deliver better results. Both LNSM-SMI and LNSM-CMI are
formulated as convex optimization problems using the similarity
between drugs to later make predictions. On the other hand, KGSIM-PROP [27] proposes to exploit a graph structure built from the
similarity matrix of drugs to propagate ADR labels from one drug
to other drugs in its neighbourhood. Later, we will see that such
propagation, unlike LNSM-based methods, requires a smaller
number of neighbours to deliver efficient predictions. KG-SIMPROP has been modified to not limit the number of predictions as
stated in [27], and adopt the evaluation protocol defined for this
review, ensuring a fair comparison with the other models.
A comparative review of existing multi-source machine
learning models and selected off-the-shelf multi-label learning
models trained on knowledge graphs allows for assessing not
only the performance but also the flexibility of the various
approaches. The performance of the off-the-shelf methods can
also be used as a baseline for more focused experiments in ADR
prediction, which is something that has been missing before.
An additional contribution of this review is the analysis of the
model performance not only on the hand-crafted feature sets
used by existing approaches but also on drug features automatically extracted from knowledge graphs (cf. Supplementary
Section E). This is to demonstrate the feasibility of this particular approach to increasing practical applicability of automated
ADR prediction pipelines.
We perform a comparison of the above models (Liu’s method; FS-MLKNN; LNSM-SMI; LNSM-CMI; KG-SIM-PROP; decision
trees; random forests; multi-layer perceptron; linear regression)
in terms of performance based on several multi-label ranking
evaluation metrics. All models are given a design matrix X with
binary features as input, where the row i of X represents drug-i
using a vector xi (for 1  i  N) with a 1 or 0 in column j to indicate whether drug-i has feature j (for 1  j  d), respectively. In
the same way, labels are represented using a binary matrix Y,
where row i contains either 1 or 0 in column j indicating
whether drug-i has ADR-j, respectively. For instance, considering the following three features: (j ¼ 0) enzyme P05181, (j ¼ 1) indication abdominal cramp (C0000729) and (j ¼ 2) pathway
hsa00010, we can have the vector x1 ¼ ½1; 0; 1 for the drug fomepizole (DB01213), meaning that fomepizole interacts with enzyme P05181, is not used to treat abdominal cramps and is part
of pathway hsa00010.

Figure 2. Machine learning flow chart for training and testing of a model.

In Figure 2, we show a typical flow chart for the processes of
training, testing and evaluating machine learning models. For a
given model, its output is used to generate ADR predictions.
These predictions are evaluated using Liu’s, SIDER 4 and Aeolus
data sets as gold standards.
Most of the reviewed models work directly with the drug feature matrices. However, two models, namely, KG-SIM-PROP and
kNN, require a similarity graph as input, which in this case is
generated from the similarity between drugs using either the
original data sets features or the Bio2RDF knowledge graph.
Such a similarity graph encodes the similarity relations between drugs, where the value of the i-th row with the j-th column is the similarity score between drug-i and drug-j. In
Supplementary Section A, we describe a method to generate
such similarity network of drugs from a knowledge graph.

Results and discussion
Experimental configuration and evaluation metrics
All five multi-label learning models plus KG-SIM-PROP were implemented using the Scikit-Learn Python package [43] (http://sci
kit-learn.org/stable/), whereas, when available, we use the implementations provided by the reviewed methods. (General details on training and using the models are provided in the
Supplementary Section B.) In many cases, we used the default
hyper-parameters values, as our main focus was to compare
the performance of different models and not to find the optimal
hyper-parameter settings for each of them. Some specific
hyper-parameters, however, proved to have an obvious impact
on the model results, and therefore, we changed some of the default values and performed limited hyper-parameter optimization via grid search. In particular: (a) the KG-SIM-PROP model
uses the 3w-Jaccard similarity metric [44], with 10–100 neighbours size; (b) the kNN model is tested with 10–100 neighbours,
with uniform and distance-based weights using the Minkowski,
Manhattan, Chebyshev, Jaccard and Rogers Tanimoto distance
metrics [44]; (c) the decision trees and random forests models
use the mean squared error criterion, which is the only one supporting multi-label learning; (d) the multi-layer perceptron
model is set with a unique hidden layer with 64, 128, 256 and
512 hidden units, a batch size equals to the 20% of drugs (which
was chosen from an independent grid search), a logistic sigmoid
activation and the Adam solver; (e) the logistic regression model
uses a L2 penalty function, C ¼ 1.0, stochastic average gradient
as solver and 200 maximum iterations.
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Table 4. Predictive power of the models using Liu’s data set
Model

Liu’s method [24]
FS-MLKNN [28]
LNSM-SMI [28]
LNSM-CMI [28]
KG-SIM-PROP [27]
kNN
Decision trees
Random forests
Multi-layer perceptron
Linear regression

Evaluation criterion
AP "

AUC-PR "

AUC-ROC "

R-loss #

One-error #

Cov-error #

0.2610
0.5134
0.5476
0.5329
0.489560.0058
0.502060.0078
0.225260.0137
0.462660.0163
0.519660.0069
0.285460.0088

0.2514
0.4802
0.5053
0.4909
0.429560.0078
0.441760.0081
0.198960.0181
0.433160.0261
0.496760.0204
0.259560.0196

0.8850
0.9034
0.8986
0.9091
0.886060.0075
0.889260.0085
0.663460.0316
0.834260.0218
0.900360.0057
0.672460.0232

0.0927
0.0703
0.0670
0.0652
0.112060.0139
0.107360.0053
0.651960.0242
0.252560.0176
0.087460.0009
0.620960.0137

0.9291
0.1202
0.1154
0.1250
0.161060.0164
0.153860.0181
0.549360.0374
0.200760.0154
0.145460.0166
0.426760.0103

837.4579
795.9435
789.8486
776.3053
1100.9985665.8834
1102.3548641.4641
1377.131668.3936
1284.3111627.0454
954.0372622.2870
1380.076364.0209

Note: For each metric, we report the SD values (when available). The values for the first four models were taken from [28]. The evaluation metrics are AP, AUC-PR curve,
AUC-ROC, R-loss, one-error and Cov-error. (‘"’ indicates that the higher the metric value, the better, and ‘#’ indicates that the lower the metric value, the better.) Bold
values represent the best performing methods across a given metric.

To compare all the models, we adopt common metrics for
ranking in multi-label learning [40]. We also compute examplebased ranking metrics [40] used in related works, namely, oneerror (One-error), coverage (Cov-error), ranking loss (R-loss) and
average precision (AP). Summary and details of all metrics we
use are given in the Supplementary Section C. The performance
of all models is evaluated using a 5-fold cross-validation. First,
all drugs are randomly split into five equal sized subsets. Then,
for each of the k folds, one part is held out for testing, and the
learning algorithm is trained on the remaining four parts. In
this way, all parts are used exactly once as validation data. The
selection of the best hyper-parameters for each model is performed in each fold on the training set during the 5-fold crossvalidation, and the best model is applied over the test set for
validation (cf. Supplementary Section G). The five validation results are then averaged over all rounds. We also use common
evaluation metrics for ranking systems, the area under the receive operator curve (AUC-ROC) and the area under the precision–recall curve (AUC-PR) (as defined by Davis and Goadrich in
[45], when dealing with highly skewed data sets) to evaluate the
models because they can be used to evaluate models, regardless
of any threshold. However, because of the existing unbalance of
the labels (i.e. an ADR is more commonly found as a negative
value than as a positive one among drugs), the AUC-PR gives a
more informative picture of the model’s performance [45].
Thus, we set the AUC-PR as our target metric (in the grid
searches) for each of the rounds. Additionally, we compute
other example-based metrics [46, 40], namely, AP, one error,
Cov-error and R-loss. The last type of measures we use are the
general ranking evaluation metrics Hits at K (Hits@K) and
Precision at K (P@K). Among the measures we used, the Hits@K
and P@K are arguably the most accurate scores in terms of evaluating the benefit of ADR discovery for certain types of end
users like clinical practitioners. As explained in [47], these
scores are easily grasped by non-informaticians and are therefore apt for explaining the reliability of the system to them.
Moreover, in settings where quick decisions are needed, like in
clinical practice, users do not tend to perform comprehensive
search among many possible alternatives to find the relevant
ones [47]. The Hits@K and P@K scores reflect the likelihood that
such users will find relevant results quickly at the top of the list
of possibly relevant results.

Comparison on Liu’s data set
In this section, we present the evaluation of all methods using
Liu’s data set, which includes multi-source data with different
types of features about drugs. Specifically, we compare the
methods considering the features and labels in Liu’s data set,
which was introduced in [24] and has been considered as a
benchmark in [25, 28].
We compare the results reported in [28] for four existing
methods (Liu’s method, FS-MLKNN, LNSM-SMI and LNSM-CMI)
with the KG-SIM-PROP [27] and the five off-the-shelf multi-label
learning models selected by us. Table 4 shows the values of
evaluation metrics for each model, highlighting the best-performing methods per metric in bold. We found out that the
methods FS-MLKNN, LNSM-SMI and LNSM-CMI proposed by
Zhang et al. recently [25, 28] perform best on Liu’s data set. The
multi-layer perceptron comes second by a rather small margin
in all but one metric. The methods FS-MLKNN [25], LNSM-SMI
and LNSM-CMI [28] exploit the notion of drug–drug similarity
for propagating side effects from a drug to its neighbours. A
similar approach is followed by the KG-SIM-PROP and kNN models, which can be considered a simplified version of the ones
presented in [28]. The difference between the KG-SIM-PROP and
kNN methods and the FS-MLKNN, LNSM-SMI and LNSM-CMI
methods is that the last three require large numbers of neighbours to work properly (400 as reported in [25, 28]), while the
KG-SIM-PROP and kNN methods can work with as few as 30
neighbours. This makes them more applicable to sparse data
sets. As hypothesized by the authors [28], the better results of
LNSM-SMI and LNSM-CMI may be attributed to their consideration of neighbourhood as an optimization problem via the linear neighbourhood similarity used. This is confirmed by the
observed results and leads to better accuracy in the similarity
computation but at the cost of efficiency because of the generation of neighbourhoods. The benefits of treating the similarity
as an optimization problem are also shown in the competitive
results of multi-layer perceptron, where a logistic sigmoid function was used as kernel. On the other hand, KG-SIM-PROP and
kNN use widely used off-the-shelf similarity metrics between
feature vectors to determine the neighbourhoods. Methods that
do not consider a similarity, namely, decision trees, random forests and linear regression, are among the worst-performing
methods. In terms of efficiency, we report that FS-MLKNN was
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Table 5. Ranking performance of the models using Liu’s data set
Model

KG-SIM-PROP [27]
kNN
Decision trees
Random forests
Multi-layer perceptron
Linear regression

Evaluation criterion
P@3

P@5

P@10

HITS@1

HITS@3

HITS@5

HITS@10

0.933360.1333
0.933360.1333
0.466760.2667
0.933360.1333
1.000060.0000
0.333360.2981

0.840060.2332
0.920060.0980
0.440060.2653
0.920060.0400
0.960060.0800
0.400060.1265

0.920060.1166
0.940060.0800
0.480060.1470
0.920060.0400
0.960060.0490
0.440060.1347

0.839060.0164
0.845060.0173
0.417160.0176
0.810160.0088
0.854660.0166
0.574560.0469

2.435160.0240
2.456860.0316
1.197160.0570
2.335360.0594
2.467660.0295
1.626260.0716

3.869160.0671
3.902760.0452
1.965160.0940
3.745160.0779
3.977360.0544
2.639460.0782

7.073460.0746
7.174460.0581
3.807660.1941
6.943460.0982
7.363360.1451
5.185160.0823

Note: The evaluation metrics are P@X (precision at 3, 5 and 10), and HITS@X (hits at 1, 3, 5 and 10). (For all metrics, the higher the value of the metric, the better). Bold
values represent the best performing methods across a given metric.

Table 6. Predictive power of the models using drugs in Liu’s data set with features from Bio2RDF v1 (DrugBank þ SIDER)
Model

KG-SIM-PROP [27]
kNN
Decision trees
Random forests
Multi-layer perceptron
Linear regression

Evaluation criterion
AP "

AUC-PR "

AUC-ROC "

R-loss #

One-error #

Cov-error #

0.501160.0106
0.497760.0107
0.196460.0116
0.431760.0107
0.509960.0159
0.284760.0083

0.448560.0115
0.421060.0228
0.171060.0138
0.384360.0143
0.454660.0169
0.248260.0137

0.893560.0096
0.884860.0062
0.630160.0250
0.809760.0102
0.901060.0061
0.640460.0248

0.105860.0122
0.121160.0113
0.722060.0194
0.303760.0088
0.079160.0022
0.672660.0141

0.158660.0177
0.165860.0206
0.567360.0144
0.221260.0139
0.143060.0160
0.346760.0238

1095.3082655.47904
1127.7254645.6342
1377.200166.9189
1314.5006617.6714
892.8340620.4758
1383.380863.2383

Note: The evaluation metrics are AP, AUC-PR, AUC-ROC, R-loss, one-error and Cov-error. (‘"’ indicates that the higher the metric value, the better, and ‘#’ indicates that
the lower the metric value, the better.) Bold values represent the best performing methods across a given metric.

the slowest method with >2 weeks running time on a single
machine with commodity hardware. This is mainly because of
its multiple feature selection steps based on genetic algorithms.
From the multi-label ranking methods, the slowest was kNN
with 13 h and 18 min, followed by linear regression with 9 h and
26 min. Both multi-layer perceptron and KG-SIM-PROP took 2 h
and 16 min, while the decision trees were the fastest with only
16 min. We can see that even the slowest among multi-label
learning models we have tested is orders of magnitude faster
than the best-performing previously published method. This is
important information in the context of applicability of different models that is not obvious from previously published work.
In cases where quick experimentation with different data sets
or model parameters is required, the multi-layer perceptron
may well be the best choice, as its results are close to the best
performance of existing tools.
In addition to the metrics reported in previous works, we report the ranking performance of the multi-label learning to rank
methods in Table 5. Results show that multi-layer perceptron
gives the best rankings across all metrics. This may indicate
that non-linear methods (such as deep neural nets) are better
suited to the ADR prediction problem. Deep learning methods
have shown to excel in applications, where there is an abundance of training data, and sources such as Bio2RDF could serve
for this purpose. The use of deep learning methods for the
prediction of ADRs is still an open problem. Further studies
in this area may lead to significant performance improvements as indicated by the preliminary results presented in this
review.

Comparison on the Bio2RDF data set
Several authors have found that combining information from
different sources can lead to improved performance of computational approaches in bioinformatics (see [48, 49] among
others). In ‘Materials’ section, we introduced the Bio2RDF data
set, which is a multi-source knowledge graph. An important aspect of increasing the practicality of ADR prediction we suggest
in this review is automation of the feature extraction process.
A possible way of doing it is to use heterogeneous knowledge
graphs to represent entities such as drugs. This makes experimentation with different feature sets easier than with the existing reviewed works. To show the benefits of combining diverse
data sources in terms of performance, we tested the multi-label
learning models against two versions of the Bio2RDF data set:
(v1) containing DrugBank and SIDER, and (v2) containing
DrugBank, SIDER and KEGG. Table 6 shows the performance of
six multi-label learning methods (unfortunately, there were no
implementations available for LNSM-SMI, LNSM-CMI [28] for
comparison at the time of this writing, and FS-MLKNN was discarded because of its intractability on larger feature sets) using
the set of 832 drugs and 1385 side effects from Liu’s data set, but
replacing the feature vectors of drugs with those extracted from
the Bio2RDF v1 (or Bio2RDF v2) data set. Originally, Liu’s data set
contained a set of 2892 manually integrated features coming
from six sources. These are replaced by 30 161 and 37 368 features in Bio2RDF v1 and v2, respectively. Both sets are automatically generated using the method described in Supplementary
Section A, and represent a drug according to its incoming and
outgoing relations with other entities in the knowledge graph.
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Table 7. Predictive power of the models using drugs in Liu’s data set with features from Bio2RDF v2 (DrugBank þ SIDER þ KEGG)
Model

KG-SIM-PROP [27]
kNN
Decision trees
Random forests
Multi-layer perceptron
Linear regression

Evaluation criterion
AP "

AUC-PR "

AUC-ROC "

R-loss #

One-error #

Cov-error #

0.511860.0101
0.508360.0124
0.206960.0176
0.443860.0162
0.527860.0106
0.291960.0109

0.460460.0097
0.434160.0277
0.174260.0266
0.399360.0256
0.472560.0284
0.258760.0165

0.895460.0054
0.883560.0086
0.625860.0242
0.815360.0171
0.900260.0074
0.644160.0261

0.105160.0109
0.128160.0031
0.714060.0233
0.288360.0225
0.079560.0028
0.666560.0166

0.146660.0214
0.147860.0027
0.546960.0385
0.210360.0169
0.132260.0298
0.355760.0306

1091.9749651.4537
1155.2053636.5165
1370.740267.5913
1295.7516620.2287
909.7297619.7920
1383.379663.2407

Note: The evaluation metrics are AP, AUC-PR, AUC-ROC, R-loss, one-error and Cov-error. (‘"’ indicates that the higher the metric value, the better, and ‘#’ indicates that
the lower the metric value, the better.) Bold values represent the best performing methods across a given metric.

Table 8. Predictive power of the models using a combination of features from both Liu’s data set and Bio2RDF v2 data set
Model

KG-SIM-PROP [27]
kNN
Decision trees
Random forests
Multi-layer perceptron
Linear regression

Evaluation criterion
AP "

AUC-PR "

AUC-ROC "

R-loss #

One-error #

Cov-error #

0.501260.0079
0.502060.0808
0.208060.0190
0.460960.0174
0.528160.0088
0.303160.0108

0.447160.0097
0.448260.0101
0.172860.0149
0.433160.0127
0.487060.0269
0.268160.0169

0.888260.0089
0.888360.0089
0.630660.0239
0.835760.0117
0.894660.0067
0.657860.02424

0.118460.0139
0.118460.0139
0.694460.0215
0.262760.0134
0.083560.0034
0.643160.0147

0.152660.0177
0.150260.0208
0.544460.0289
0.199560.0241
0.141860.0158
0.361760.0273

1127.3234651.2769
1127.1279651.3701
1372.109569.6089
1308.7285624.9798
937.8773636.9387
1381.721864.0156

Note: The evaluation metrics are AP, AUC-PR, AUC-ROC, R-loss, one-error and Cov-error. (‘"’ indicates that the higher the metric value, the better, and ‘#’ indicates that
the lower the metric value, the better.) Bold values represent the best performing methods across a given metric.

Results show that in both cases (Bio2RDF v1 and v2), the
methods perform better with the Bio2RDF features than with
Liu’s original data set features, confirming our assumption that
combination of various feature sources may increase the performance. This can be explained by the fact that Bio2RDF provides a richer representation of drugs and their relationships
than the traditional feature sets. This is an important finding,
as the Bio2RDF features can be constructed automatically, while
the features in the Liu’s and Zhang’s data sets require nontrivial manual efforts. Furthermore, our results also indicate
that having extra information about pathways provides better
performance as shown in Table 7, where Bio2RDF v2 is built by
adding KEGG data set [33] to Bio2RDF v1. To further explore the
influence of possible feature set combinations on the results,
we integrated the original Liu’s data set [24] features with
Bio2RDF v2, leading to 40 260 features in total. Table 8 shows the
performance results obtained when combining feature sets
from Liu’s and Bio2RDF v2 data sets. This yields slightly better
results in terms of the AP and AUC-PR metrics.

Comparison on the SIDER 4 data set
To further evaluate the practical applicability of the multi-label
learning models, we performed an experiment using SIDER 4
[25]. The intuition behind this experiment is to test the predictive power of the models under a simple train and test set-up.
SIDER 4 data set contains 771 drugs used for training, which are
also present in Liu’s data set, and 309 newly added drugs used
for testing. First, we run all methods on the original SIDER 4
data set features and labels, and compare them against the results provided by Zhang et al. [28]. Table 9 shows the results of
the different methods over the SIDER 4 data set. The state-ofthe-art method LNSM-SMI gives the best AP and AUC-PR, while
LNSM-CMI produces the best Cov-error. However, multi-layer

perceptron is the best-performing model in the AUC-ROC, R-loss
and one-error metrics. These results suggest better relative suitability of some multi-label learning methods for applications,
where a ranking function is preferred over classification.
Examples of such applications are use cases, where experts can
only review a few prediction candidates and need the relevant
ones to appear at the top of the list. Such use cases are indeed
realistic, as there are often hundreds of predictions for every
single drug. The results of multi-layer perceptron show some
improvements when using features coming from the Bio2RDF
v2 data set (cf. Table 10).

Comparison on the SIDER4 and Aeolus data sets
We further evaluate the models considering both the SIDER 4
and Aeolus data sets [35]. Aeolus data set provides us with relations between drugs and ADRs that were not previously known
during the training or testing steps. The reason for the experiments using the SIDER 4 and Aeolus data sets is the evolving
nature of the knowledge about drugs—generally, new ADRs can
always be discovered for a drug, either by new studies or via
pharmacovigilance in the post-market stage. The classic approach for validating ADR predictions follows the closed-world
assumption (i.e. missing predictions are false), but the actual
problem follows the open-world assumption (i.e. missing predictions may be just unknown). Therefore, it is always possible
that predictions that are currently deemed false positives can
be considered true positives if more knowledge becomes available in the future. We hope to reflect this phenomenon by using
the complementary Aeolus data that is frequently updated and
contains information based on manually validated reports. For
these reasons, we believe it will be beneficial to use this data set
for complementary validations also in future studies in this
domain.
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Table 9. Predictive power of the models using SIDER 4 data set
Model

Evaluation criterion
AP "

Liu’s method [24]
FS-MLKNN [28]
LNSM-SMI [28]
LNSM-CMI [28]
KG-SIM-PROP [27]
kNN
Random forests
Multi-layer perceptron

0.1816
0.3649
0.3906
0.3804
0.3375
0.3430
0.3004
0.3546

AUC-PR "

AUC-ROC "

R-loss #

One-error #

Cov-error #

0.1766
0.3109
0.3465
0.3332
0.2855
0.2898
0.2599
0.2899

0.8772
0.8722
0.8786
0.8852
0.8892
0.8905
0.8235
0.8943

0.1150
0.1038
0.0969
0.0952
0.1398
0.1392
0.3318
0.0922

0.9870
0.1851
0.2013
0.1916
0.2233
0.2168
0.2848
0.1309

1587.5663
1535.9223
1488.2977
1452.7184
4808.3689
4086.0777
5362.6117
4054.0356

Note: The values for the first four models were taken from [28]. The evaluation metrics are AP, AUC-PR curve, AUC-ROC, R-loss, one-error and Cov-error. (‘"’ indicates
that the higher the metric value, the better, and ‘#’ indicates that the lower the metric value, the better.) Bold values represent the best performing methods across a
given metric.

Table 10. Predictive power of the models using drugs in SIDER 4 data set and Bio2RDF v2 data set features
Model

Evaluation criterion
AP "

KG-SIM-PROP [27]
kNN
Random forests
Multi-layer perceptron

0.3438
0.3416
0.2384
0.3529

AUC-PR "

AUC-ROC "

R-loss #

One-error #

Cov-error #

0.2876
0.2835
0.2061
0.2857

0.8764
0.8728
0.7651
0.9043

0.17460
0.1777
0.4567
0.0852

0.2427
0.2395
0.4304
0.1909

4969.0647
5002.6084
5440.0712
3896.3625

Note: The evaluation metrics are AP, AUC-PR, AUC-ROC, R-loss, one-error and Cov-error. (‘"’ indicates that the higher the metric value, the better, and ‘#’ indicates that
the lower the metric value, the better.)

Table 11. Predictive power of the models using SIDER 4 data set, and updating the ADRs with Aeolus data set
Model

Evaluation criterion
AP "

KG-SIM-PROP [27]
kNN
Random forests
Multi-layer perceptron

0.3272
0.3324
0.2883
0.3437

AUC-PR "

AUC-ROC "

R-loss #

One-error #

Cov-error #

0.2791
0.2834
0.2447
0.2836

0.8796
0.8808
0.8059
0.8858

0.1619
0.1613
0.3717
0.1050

0.2233
0.2168
0.3366
0.1909

5040.06149
5038.6570
5478.8479
4339.7540

Note: The evaluation metrics are AP, AUC-PR, AUC-ROC, R-loss, one-error and Cov-error. (‘"’ indicates that the higher the metric value, the better, and ‘#’ indicates that
the lower the metric value, the better.)

To test this point, we updated the SIDER 4 matrix Y of ADRs
of the test set using a version of Aeolus data set generated after
the release of the SIDER 4 data set. We found 142 drugs in the
intersection of the SIDER 4 test set and Aeolus. Whenever a new
drug–ADR relationship is reported in the Aeolus data set for any
of the 309 drugs in the test set, this is reflected by modifying the
SIDER 4 data set. Aeolus introduces 615 new ADR relations in
total with an average of 4.3 per drug. For example, Aeolus provides two new ADRs for triclosan (DB08604), an aromatic ether
widely used as a preservative and antimicrobial agent in personal care products: odynophagia and paraesthesia oral. While
these changes because of the Aeolus data set are not crucial for
drugs with many previously known ADRs (for instance, nilotinib
(DB04868) has 333 ADRs in SIDER 4, and Aeolus only adds 3 new
ADRs), they can have high impact on drugs with few known
ADRs (such as triclosan or mepyramine both with only one
ADR). In total, Aeolus provides at least one new ADR for 46% of
drugs in the SIDER 4 test set. Interestingly, most of the new

ADRs added by Aeolus data set are related to the digestive system (e.g. intestinal obstruction, gastric ulcer, etc.), which we believe is because of the disproportionate FAERS reporting [8, 10]
frequency for this type of events.
We ran the models once more and evaluated them against
the new gold standard with the updates provided by the Aeolus
data set. Table 11 shows the results of the updated data set
using the Aeolus data for the four best-performing multi-label
models, and when compared against values in Table 9 results
are marginally lower across all metrics. For instance, the AP of
multi-layer perceptron drops by 0.92% and AUC-ROC by 1.85%.
This observation is not consistent with our assumption that
new knowledge about relations between drugs and ADRs can increase the true-positive rate by confirming some of the previous
false positives as being true. We believe that this could be
because of two reasons. (A) The added ADRs are underrepresented across drugs. We observed this in SIDER 4, where
37.5% (2093 of 5579) of ADRs are present at most once in either
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the training or test set. This makes those ADRs hard to predict.
(B) There is a ‘weak’ relation between the drugs and the introduced ADRs. This weak relation comes from the original split in
training and test set provided in SIDER 4 data set; we found out
that 50.15% (2798 of 5579) ADRs are only present in the training
set and not in the test set, compared with a 7% (392 of 5579) of
ADRs that are only present in the test set.
Advantages of using Aeolus data set are illustrated, for example, by the drug eribulin (DB08871) that contains 123 ADRs in
SIDER 4, most of which have been discovered in the postmarketing stage. Aeolus introduced seven new ADRs for eribulin, where one of them, namely, pharyngitis (C0031350), was
ranked number 36 among all 5579 ADRs, which is a high ranking
considering 123 ADRs. This means the models are able to perform well for reactions that are true based on the recent data in
Aeolus, but not present among positives in the primary validation data like SIDER (and thus they could only be interpreted as
false positives during the primary evaluation). Such encouraging results were observed on several of the analysed drugs for
which predictions previously considered as false positives were
indeed shown to be true by Aeolus.
All analysed methods consider a static view over the data
and do not consider the changes in data, e.g. new ADRs discovered in a post-marketing stage. Therefore, a future research
direction could study the effects of learning under evolving data
sets (i.e. new drug–ADR relations), which is known as incremental learning (see [50, 51, 52] among others).

Comments on the behaviour of the models
To illustrate the flexibility and robustness of the approach we
suggest to complement the existing predictive models, we enriched the Liu’s data set using Bio2RDF data set features, which
in general are numerous. Intuitively, by having more features
for a drug, we can achieve a better representation of it, which
should lead to better performance results. However, we
observed mixed small positive and negative changes in the results shown in Table 8 when compared with the performance
previously reported in Tables 6 and 7. This can be attributed to
the famous curse of dimensionality, where the performance degrades as a function of dimensionality. This issue may have
large impact on models like multi-layer perceptron, where the
large number of inputs hampers the training performance if the
first hidden layer is too small. This is the case of our experiments, as we limit the size of the first hidden layer for the
multi-layer perceptron. However, it is possible to cope with the
curse of dimensionality, using methods such as embeddings
into low-rank feature spaces. Embedding models aim to find a
dimensionality reduction, generating latent representations of
the data that preserve structural details as much as possible
[53]. This is something that represents a new research direction,
by considering learning of drug representations for tasks such
as comparison. We believe this could substantially improve the
performance of some of the models here reviewed.
We also observed that when merging Liu’s data set with
Bio2RDF, some features can be considered as duplicated features. Certain models deal with this situation better, and others
would apparently require a filtering of duplicated features.
During our experiments, we did not filter features, and assumed
that deduplication is performed by the models.
Regarding scalability, despite the substantial increase of the
feature space (up to almost 13-fold), we only noticed up to double execution times of the multi-label learning methods. All
running times are still far better than the time required by the
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previously existing methods, which is another argument for
higher practical applicability of the suggested approach.

Conclusion
We have shown that using knowledge graphs for automated feature extraction and casting the problem of ADR prediction as
multi-label ranking learning can be used for building models that
are comparable with or better than existing related methods.
Moreover, the off-the-shelf models are orders of magnitude faster
than existing related ADR prediction systems. We argue that because of the demonstrated speed-up and automation of most of
the steps in building the prediction pipelines, this review provides a broad range of possibilities for biomedical experts to build
their own ADR prediction systems more easily than before. This
is supported by extensive documentation of all necessary steps
provided in the article (cf. Supplemental Material).
The applicability of some of the reviewed models is further
supported by good results in ranking metrics. This can be useful
in many practical scenarios, where experts cannot possibly explore all computed predictions, but require ranked results and
highly relevant candidates appearing at the top of the list. Last
but not least, the review presents results of the off-the-shelf
machine learning modules in a way that can be used as a welldocumented baseline for future experiments in this area.
In our future work, we want to investigate the influence of
embeddings (i.e. latent feature models and feature extractors) on
the performance of multi-label learning models for the ADR prediction. We also want to analyse the influence of various hyperparameters on the prediction results more thoroughly. This will
bring more insight into the most promising directions for further
improvements of the performance of ADR prediction models.
Another area we want to target is development of more stratified
and comprehensive benchmark data sets that could increase the
interpretability of ADR prediction results in future studies. Last
but not least, we would like to perform not only quantitative validation but also qualitative trials with actual sample users. This will
let us assess the real-world usability of the reviewed approaches
and gain valuable feedback for further developments in this field.

Key Points
• Knowledge graphs allow for easy, automated integra-

tion of multiple diverse data sets to extract features for
ADR prediction.
• Approaching the ADR prediction as a multi-label learning problem facilitates easy experimentation with a diverse range of off-the-shelf algorithms. It also produces
results that can be used as a well-documented baseline
for future, more sophisticated experiments.
• Applying these two principles (i.e. knowledge graphs
and multi-label learning) leads to results that are comparable with or better than existing related approaches,
while the training is orders of magnitude faster on the
same data. Also, the resulting models provide ranked
predictions by default, which further contributes to
their practical applicability.
• Interested stakeholders can straightforwardly use the
review for building their own ADR prediction pipelines
and fine-tuning them based on their specific requirements (such as increasing particular classification or
ranking performances).
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