
276

Korean J. Chem. Eng., 40(2), 276-285 (2023)
DOI: 10.1007/s11814-023-1377-3

INVITED REVIEW PAPER

pISSN: 0256-1115
eISSN: 1975-7220

INVITED REVIEW PAPER

†To whom correspondence should be addressed.
E-mail: ehukim@kaist.ac.kr
Copyright by The Korean Institute of Chemical Engineers.

Recent development of machine learning models for the prediction
of drug-drug interactions

Eujin Hong*, Junhyeok Jeon*, and Hyun Uk Kim*
,
**

,†

*Department of Chemical and Biomolecular Engineering, Korea Advanced Institute of Science and Technology (KAIST),
Daejeon 34141, Korea

**BioProcess Engineering Research Center and BioInformatics Research Center, KAIST, Daejeon 34141, Korea
(Received 11 September 2022 • Revised 9 December 2022 • Accepted 16 December 2022)

AbstractPolypharmacy, the co-administration of multiple drugs, has become an area of concern as the elderly pop-
ulation grows and an unexpected infection, such as COVID-19 pandemic, keeps emerging. However, it is very costly
and time-consuming to experimentally examine the pharmacological effects of polypharmacy. To address this chal-
lenge, machine learning models that predict drug-drug interactions (DDIs) have actively been developed in recent
years. In particular, the growing volume of drug datasets and the advances in machine learning have facilitated the
model development. In this regard, this review discusses the DDI-predicting machine learning models that have been
developed since 2018. Our discussion focuses on dataset sources used to develop the models, featurization approaches
of molecular structures and biological information, and types of DDI prediction outcomes from the models. Finally, we
make suggestions for research opportunities in this field.
Keywords: Polypharmacy, Drug-Drug Interaction, Adverse Drug Reaction, Machine Learning, Featurization

INTRODUCTION

Polypharmacy, defined to be the use of multiple drugs, may trig-
ger pharmacological effects that would not be expected if the drugs
were administered individually. Some of these unexpected pharma-
cological effects are associated with negative health effects, in par-
ticular adverse drug reactions (ADRs) [1]. Therefore, understanding
drug-drug interaction (DDI) has received much attention to maxi-
mize the drug efficacy and to minimize unexpected ADRs. DDIs
have become increasingly more important in some countries be-
cause they have reached the aging or aged societies, which poten-
tially indicates the use of a greater number of multiple drugs at once
for a patient. According to a recent study by Health Insurance Review
and Assessment Service (HIRA) on the Korean National Health
Insurance (NHI) claims data, 41.8% of the outpatients aged 65 or
older were taking five or more medications, and 14.4% of the pop-
ulation were taking ten or more medications in 2019 [2]. Also, in
recent years, many countries have suffered from the COVID-19 pan-
demic where the infected patients with an underlying medical condi-
tion (e.g., cardiovascular disease or diabetes) had to take multiple
drugs [3]. Despite the importance of DDI issues, experimental exam-
ination of the DDIs is considered highly challenging due to high
costs and time that are required to examine a large number of drug
combinations.

To address this problem, various computational methods have
been developed to predict the DDI effects, in particular by using
machine learning methods in recent years. To the best of our knowl-

edge, DeepDDI was a computational model that adopted the use
of deep learning for the first time to predict DDIs for two input
drugs [4]. Thereafter, a number of machine learning models were
developed that used datasets from more diverse sources, and more
sophisticated machine learning methods. Here, it was considered
timely to review these machine learning models recently developed.
Particularly, in this review, we discuss these machine learning models
with a focus on dataset sources, featurization approaches of model
input data (e.g., molecular structures, and graphs representing DDIs
or biological knowledge), and the prediction of DDIs from machine
learning models covered herein (Fig. 1). Finally, we further discuss
future research opportunities in the field of DDI prediction.

PREPARATION OF A DATASET

Preparation of a dataset with sufficient volume and quality has
always been a challenge when developing a machine learning model.
For the issue of DDIs, DrugBank has served as a main source of a
DDI dataset (Table 1); the DrugBank dataset was used by 15 out
of the 18 machine learning models covered in this review, includ-
ing DeepDDI [4], SSI-DDI [5], AMDE [6] and MDF-SA-DDI [7]
(Table 2). DrugBank is a database that offers comprehensive infor-
mation on drugs, including molecular information, mechanism of
action, drug targets as well as DDIs [8]. When DeepDDI was devel-
oped by using the DrugBank dataset, the information on 192,284
DDIs from 191,878 drug pairs was used [4]. Currently, DrugBank
provides information on 365,984 DDIs from 2,358 approved drugs
[9]. TWOSIDES dataset [10] is another notable source used to
develop DDI-predicting machine learning models (Table 1); it pro-
vides information on side effects associated with DDIs, and covers
868,221 associations between 59,220 drug pairs and 1,301 ADRs.
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Fig. 1. Overall scheme of recently developed machine learning models that predict drug-drug interactions (DDIs). The presented machine
learning methods can be used for both featurizing model input data and predicting DDIs.

Table 1. Source of datasets used to develop DDI-predicting machine learning models
Dataset
source Description URL Reference

Decagon A graph convolutional network that predicts side effects for a given
drug pair on the basis of a graph with heterogenous edge types http://snap.stanford.edu/decagon/ [11]

DRKG

A biological knowledge graph showing relationships among several
entities, such as drugs, diseases, biological processes and side effects,
on the basis of six databases (i.e., DrugBank, Hetionet, GNBR, String,
IntAct and DGIdb) as well as relevant literature

https://github.com/gnn4dr/DRKG/ [12]

DrugBank A database containing comprehensive information on drugs and
their targets, and also drug-drug interactions https://go.drugbank.com [8]

KEGG
A collection of databases that provide various types of biological
information, including genome, metabolic pathways and biochemi-
cal reactions

https://www.genome.jp/kegg/ [13]

TWOSIDES A dataset on significant associations between drug pairs and adverse
drug events https://tatonettilab.org/resources/nsides/ [10]
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Decagon [11], DRKG [12] and KEGG [13] are additional sources,
from which datasets are prepared to develop the machine learning
models. Decagon and DRKG are considered suitable when develop-
ing graph neural networks (GNNs) and biological/drug knowl-
edge graphs, respectively. Meanwhile, DrugBank and KEGG are
used for a wide range of machine learning methods, and they con-
tinue to be updated regularly.

Use of the well-curated datasets from the representative data-

bases raises several considerations when developing new DDI-pre-
dicting machine learning models. First, as these databases are heavily
dependent on the reported studies, it will be interesting to see how
the performance of the machine learning model will improve in
accordance with an increasing volume of the relevant data. Timely
update of the existing machine learning model will be able to answer
this question. Second, preparation of an in-house DDI dataset, which
is likely distinct from the publicly available datasets mentioned above

Table 2. Recent development of machine learning models that predict drug-drug interactions (DDIs)

Model Dataset sourcea Model input Machine learning
for featurization

Machine learning
for DDI

prediction
Output Reference

DeepDDI,
2018 • DrugBank • A pair of structural

similarity profiles • MLPb
• Multilabel

classification for
86 DDI types

[4]

Lee et al.,
2019

• DrugBank
• BioGrid [33]
• Gene

Ontology
terms
[34,35]

• A pair of structural
similarity profiles

• A pair of Gene
Ontology terms
similarity profiles

• A pair of target
gene similarity
profiles

• Autoencoder • MLP
• Multilabel

classification for
106 DDI types

[31]

DDIMDL,
2020

• DrugBank
• KEGG

• A pair of structural
similarity profiles

• A pair of target
similarity profiles

• A pair of enzyme
similarity profiles

• A pair of pathway
similarity profiles

• MLP

• Multiclass
classification of
65 types of DDI-
associated events

[21]

DPDDI, 2020
• DrugBank
• Zhang et al.

[40]
• DDI network • GCN • MLP

• Binary classification
(the occurrence of
DDIs)

[22]

GCN-BMP,
2020

• ModStore
[41]

• DeepDDI

• A pair of molecular
graphs • GCN • MLP

• Binary classification
(the occurrence of
DDIs)

• Multilabel
classification for
DDI types

[42]

MUFFIN,
2021

• DrugBank
• TWOSIDES
• DRKG

• Molecular graphs
• Biological

knowledge graph

• GNN
• TransE
• CNN

• MLP

• Binary classification
(the occurrence of
DDIs)

• Multiclass
classification for
DDI types

• Multilabel
classification for
DDI types

[28]

SSI-DDI,
2021 • DrugBank • A pair of molecular

graphs • GAT • Co-attention
mechanism

• Multilabel
classification for
DDI types

[5]
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(Table 1), can also be considered, depending on a project objective
(e.g., DDI prediction for a specific ethnicity). In this case, using a
database that provides summarized information on DDIs (e.g.,
Drugs.com at https://www.drugs.com/) can facilitate the time-con-
suming manual curation of the reported studies on DDIs. Another
more efficient approach would be the use of a text mining method,

although the resulting DDI information collected is likely less accu-
rate than the manual curation. An example would be the use of
SciBERT for the prediction of DDIs from the literature [14]. Third,
various biological information, such as target proteins, related dis-
eases and pathways, can also be used in addition to the DDI infor-
mation. A previous relevant example is the network constructed

Table 2. Continued

Model Dataset sourcea Model input Machine learning
for featurization

Machine learning
for DDI

prediction
Output Reference

SumGNN,
2021

• DrugBank
• TWOSIDES
• HetioNet

[43]

• Biological
knowledge graph

• Morgan fingerprints
of drug molecules

• TransE • GNN

• Multiclass
classification for
DDI types

• Multilabel
classification for
DDI types

[29]

AMDE, 2022 • DrugBank

• Molecular graphs
• Molecular

substructure
sequences

• GNN
• Transformer • MLP

• Binary classification
(the occurrence of
DDIs)

[6]

BioDKG-
DDI, 2022

• DrugBank
• Yue et al.

[45]

• Morgan fingerprint
• Drug knowledge

graph
• Drug-related protein

receptor similarity
profiles

• Mol2Context-vec
• ComplEx-DURA • MLP • Binary classification [30]

DeepMDDI,
2022 • DrugBank

• DDI network
calculated from
similarity profiles
of ECFPs,
MACCSkeys
fingerprints and
one-hot vectors of
drug binding
proteins

• Relation GCN
• Multilabel

classification for
DDI types

[27]

DeSIDE-DDI,
2022

• LINCS
L1000 [46]

• TWOSIDES

• Gene expression
signatures

• Gated linear units (GLUs)
• TransE

• Multilabel
classification for
side effect types

[32]

GMPNN-CS,
2022

• DrugBank
• TWOSIDES

• A pair of molecular
graphs • GNN • MLP

• Multilabel
classification for
DDI types

[47]

He et al., 2022

• Zhang et al.
[40]

• ChCh-Miner
(http://snap.
stanford.edu
/biodata)

• DrugBank

• Molecular graphs
• SMILES
• DDI network

• GNN
• BiGRU
• GCN

• MLP
• Binary classification

(the occurrence of
DDIs)

[48]

3WDDI, 2023
• ZhangDDI

[44]
• DRKG

• A pair of structural
similarity profiles

• A biological
knowledge graph

• ComplEx
• CNN • CNN

• Binary classification
(the occurrence of
DDIs)

[36]
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by Lee et al. [15] that contains a range of biological information to
analyze DDIs, and there have been advances in using such diverse
information for the DDI prediction, particularly in the form of
graphs as elaborated below (Figs. 1 and 2). Finally, there are data-
bases that are highly specific to a disease, for example, ‘Liverpool
COVID-19 Drug Interactions’ (https://www.covid19-druginterac-
tions.org/), a database that provides experimental on evidence asso-
ciated with COVID-19. This type of a dataset can be useful for the
infected patients who have been taking drugs for other underly-
ing medical conditions (e.g., hypertension and diabetes). Because
such a dataset usually has a small volume, it can be useful when
testing the already trained DDI prediction model, or it can be sub-
jected to a new machine learning method that can handle a data-
set with a small volume, for example, Bayesian neural network
(BNN) [16,17].

FEATURIZATION OF MODEL INPUT DATA

1. Molecular Structures
The molecular structure of a drug is often considered as a main

input for the DDI-predicting machine learning models (Fig. 2 and
Table 2). For a molecular structure, simplified molecular-input line-
entry system (SMILES) is the preferred format of input data; SMILES
describes the molecular structure by using ASCII strings [18], and
is the most widely used line notation in computational biology and
chemistry. Once SMILES strings are prepared for input drugs, they

are usually converted to molecular descriptors that correspond to
numerical representations describing physicochemical properties
and substructures of a molecule [19]. Among several types of molec-
ular descriptors available, extended-connectivity fingerprint (ECFP)
[20] has been most widely used to describe a drug molecule in the
form of an one-dimensional (1D) binary vector. PubChem finger-
print [21,22] has also been used to develop a DDI-predicting model.
Several software programs are available that generate molecular
descriptors, such as RDKit (http://www.rkdit.org), Mordred [23],
and ChemoPy [24]. The resulting molecular descriptors are subse-
quently further processed; for example, they are used to generate
structural similarity profiles for two input drugs by using a simi-
larity measure (e.g., Tanimoto coefficient) (Fig. 2).

In recent years, machine learning has been increasingly used to
extract a range of important, yet non-intuitive, features that can
contribute to further improving the DDI prediction. The most fre-
quently used machine learning for the feature extraction is GNN
according to the models covered in this review (Table 2). GNN has
been considered suitable for handling DDI information because of
its capacity to handle molecular information in an efficient and intu-
itive manner. GNN is trained by updating each node information
in accordance with the neighbor nodes, and the most popular GNNs
are graph convolutional network (GCN) [25] and graph attention
network (GAT) [26]. One way of using a GNN is to extract molecu-
lar features (e.g., importance of substructures in the context of DDIs)
from a molecular graph that presents atoms and their bonds of a

Table 2. Continued

Model Dataset sourcea Model input Machine learning
for featurization

Machine learning
for DDI

prediction
Output Reference

MDF-SA-
DDI, 2022 • DrugBank

• A pair of structural
similarity profiles

• A pair of target
similarity profiles

• A pair of enzyme
similarity profiles

• CNN
• Autoencoder
• Siamese network

• MLP
• Multiclass

classification for
DDI types

[7]

MS-ADR,
2022

• Decagon
• PubChem
• DrugBank
• SIDER

[49,50]

• Adverse drug
reaction signed drug
network

• Similarity matrices
of enzyme, 
indication, side
effect and 
transporter

• GCN

• Binary classification
(the occurrence of
adverse drug
reaction)

[51]

RANEDDI,
2022 • DrugBank

• DDI network
• Multirelational

network of DDIs

• RotatE
• Binary classification

(the occurrence of
DDIs)

[52]

• RotatE • MLP
• Multilabel

classification for
DDI types

aThe datasets presented herein were used for the model training, and not external validation.
bA merged cell for the two columns ‘Machine learning for featurization’ and ‘Machine learning for DDI prediction’ indicates that machine
learning (e.g., GNN) was not used for the corresponding model when generating a feature vector.
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molecule (e.g., drug) by using nodes and edges, respectively (Fig.
2). Molecular graphs, which can be readily generated by RDKit,
are further subjected to another machine learning method to pre-
dict DDIs. SSI-DDI [5] is a representative model that predicts DDIs
by considering substructures of two input drugs, and for this, these
substructures were initially extracted from molecular graphs of two
input drugs by using GAT (Fig. 3(a)). SSI-DDI was developed based
on previous studies reporting that only several substructures of
drugs are responsible for DDIs. During the feature extraction, nodes
in the GAT initially represent atoms of a drug, but eventually gen-
erate substructures as a result of updating by aggregating the sur-
rounding nodes. These substructures are subsequently subjected
to co-attention mechanism to predict DDIs.
2. Biological Information

Use of a feature vector that reflects the molecular structure of a
drug has been successful for predicting DDI at a reasonably high
accuracy, but there is room for incorporating other ‘biological infor-

mation’ for further improved prediction outcome, and for enhanced
explainability of the prediction. For example, the following biologi-
cal information has been considered in the DDI-predicting mod-
els in addition to the molecular features (Fig. 2 and Table 2): drug
target proteins for DDIMDL [21] and MDF-SA-DDI [7]; DDI net-
works for DPDDI [22] and deepMDDI [27]; biological/drug knowl-
edge graphs for MUFFIN [28], SumGNN [29], and BioDKG-DDI
[30]; gene ontology terms for the model by Lee et al. [31]; and
gene expression signatures for DeSIDE-DDI [32]. Proteins, such as
cytochromes P450 or protein drug targets, are representative exam-
ples that can significantly affect the occurrence of a DDI. Drug tar-
get information for a drug is expressed as a one-hot vector where
‘1’ indicates that the corresponding protein in the vector is a drug
target, and ‘0’ is for a non-target protein. Subsequent comparison
of the two one-hot vectors would provide a clue for possible inter-
actions between two input drugs. If the two vectors appear to be
similar, there is a high chance of a DDI because the two drugs inhibit

Fig. 2. Generation procedure of molecular and biological features for the prediction of DDIs using machine learning. Biological features
include biological information, such as target proteins, a DDI network and a knowledge graph.
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the same target; one drug-target interaction would affect the inter-
action of the other drug with the same protein target (Fig. 2).

In order to extract important biological features for the DDI
prediction, GNNs have also been used in a way distinct from rep-
resenting a molecular structure discussed above (i.e., using nodes
and edges of a graph to indicate atoms and their bonds of a drug).
In the context of biological information, nodes and edges of a
GNN are designed to indicate drugs and their interactions, respec-
tively, and thus, the GNN structure itself becomes a DDI network.
DPDDI [22] is a representative example where GCN is used to
capture the information on each drug (node) by aggregating and
transforming information from its neighboring drugs that are con-
nected through edges (Fig. 3(b)). Application of a GCN to a series
of drugs generates a latent feature vector for each node (drug), which,
in turn, is used as an input data for a machine learning model that
finally predicts DDI. Additional biological information, such as
genetic, protein and/or chemical interactions [33] and gene ontol-
ogy [34,35], is expected to capture even more diverse effects of a
DDI.

The combination of molecular and biological features indeed
showed a notable improvement on the DDI prediction performance
in comparison with using molecular structures alone. DDIMDL
[21] is a DDI-predicting model that utilizes four different types of
drug features, including drug targets, relevant enzymes (mostly,
cytochromes P450), pathways (e.g., pathways having the drug tar-

gets) as well as molecular structures. To evaluate the influence of
each drug feature on DDI prediction, the authors built different
versions of the prediction model, each using a different combina-
tion of the four drug features. The model using only the molecu-
lar structure outperformed those using drug targets, enzymes, or
pathways, individually, achieving reasonably high accuracy. How-
ever, when target and enzyme features were additionally consid-
ered together with molecular features, the model showed further
improved prediction accuracy. The beneficial effects of using bio-
logical features were also demonstrated by Lee et al. [31]. In their
model, the combination of three similarity profiles for two drugs,
including those associated with molecular structures, target genes
and gene ontology terms, increased the classification accuracy, com-
pared to the models that used structural similarity profiles alone.

In addition to the GNNs, other knowledge graph embedding
models were also utilized to extract necessary semantic features
from knowledge graphs. A knowledge graph is composed of nodes
in the form of triplets (h, r, t) where h and t represent head and
tail entities, respectively, and r represents the relationship between
them; relationship types can be diverse within one knowledge graph.
For example, DRKG is a representative knowledge graph often
used to develop models for the DDI prediction as it provides infor-
mation on relationships among several entities, such as drugs, dis-
eases, biological processes and side effects. To integrate all the available
information (or knowledge) associated with drugs for the DDI pre-

Fig. 3. Generation of molecular and biological features for the three DDI-predicting machine learning models: (a) SSI-DDI [5] by using
graph attention network (GAT), (b) DPDDI [22] by using graph convolutional network (GCN), and (c) 3WDDI [36] by using knowl-
edge graph embedding.
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diction, all the entities and their multi-type of semantic relation-
ships in DRKG first need to be mapped into a low-dimensional
space by using appropriate knowledge graph embedding models.
3WDDI [36] is such a DDI-predicting model that adopts the use
of embedding vectors extracted from DRKG by using ComplEx
[37], a semantic similarity-based knowledge graph embedding model
(Fig. 3(c)). The resulting embedding vectors are used as input of
the subsequent machine learning model that predicts the occur-
rence of DDI.

PREDICTION OF DRUG-DRUG INTERACTION

Upon generation of molecular and/or biological features for a
given pair of drugs, often from a machine learning model (e.g.,
GNN) in recent years, the features are used as input for another
machine learning model that predicts the occurrence or types of
DDIs (i.e., binary or multilabel/multiclass classification, respectively).
Two predominantly used machine learning methods for the DDI
prediction are multilayer perceptron (MLP) and GNN (Table 2).
MLP can easily process several different types of input data (e.g.,
molecular structures, drug targets, and enzymes), while GNN is
particularly suitable for intuitively handling the DDI network (e.g.,
drug as a node and interaction as an edge) as discussed above.
Currently, machine learning methods are mostly implemented by
using PyTorch [38], TensorFlow [39] and Keras (https://github.com/
fchollet/keras).

Binary classification of DDIs simply indicates whether there is
an interaction between two drugs of interest. If GNNs are used,
this binary classification problem corresponds to the ‘link predic-
tion’ that predicts the presence or absence of an edge between two
nodes in the graph. Nine out of 18 DDI prediction models perform
binary classification for DDIs, including DPDDI [22], AMDE [6]
and DeSIDE-DDI [32]. Multilabel and multiclass classifications
have also been performed for the DDI prediction, which predicts
‘DDI types’; for example, ‘the increased risk or severity of adverse
effects’, ‘increased hepatotoxic activity’ or ‘the decreased metabo-
lism of a drug’ can be predicted as an outcome for DeepDDI [4].
For multilabel and multiclass classification, it is common to use
the DrugBank DDI dataset, but the number of DDI types to be
predicted can vary, depending on the dataset preprocessing, use of
other dataset (e.g., TWOSIDES) in addition to DrugBank DDI data-
set, and the output format. Representative models that perform mul-
tilabel or multiclass classification include DeepDDI [4], a model by
Lee et al. [31], DeepMDDI [27] and MDF-SA-DDI [7], which pre-
dict 86, 106, 11 and 65 DDI types, respectively.

Recent efforts to develop DDI-predicting machine learning mod-
els have focused on improving the prediction accuracy. Partly as a
result of these efforts, 14 out of 16 DDI-predicting models, which
were covered in this review (Table 2) and evaluated using an area
under the receiver operating characteristic curve (AUROC), achieved
greater than 0.95, and four of them even reached greater than 0.99.
However, in order for the DDI-predicting models to be more practi-
cal, additional clinical and biochemical factors need to be further
considered. First, pharmacological effects of DDIs may vary, depend-
ing on the individual. Thus, consideration of personal informa-
tion (e.g., age, gender, medical condition, and genetic information

such as presence or absence of specific genes or mutations) would
be able to make the DDI prediction more person-specific; how-
ever, this additional consideration may bring about another chal-
lenge of data privacy. Another important factor is the concentration
of a drug given to a patient, which would affect its therapeutic effects.
To realize these additional considerations, of course, relevant data-
sets will be necessary, in particular, clinical information. For this
reason, collaboration with medical practitioners will be essential to
make a step change in developing DDI-predicting machine learn-
ing models.

CONCLUSION

In this review, we discussed the DDI-predicting machine learn-
ing models that have been developed since 2018. From this review,
it is clear that an increasing number of DDI-predicting models
have been developed over the years, likely due to the more public
recognition of DDIs and the increased availability of relevant data-
sets and machine learning methods (Table 2). Among these models
developed, molecular and biological features have been increas-
ingly generated by using machine learning, for example, GNN and
knowledge graph embeddings. Meanwhile, MLP and GNN have
served as the main machine learning methods to predict DDIs.
Despite active development of the DDI-predicting models, sophis-
ticated clinical and biochemical factors need to be further taken
into account for more practical use of these models for the DDI
prediction. With active adoption of new DDI information as well
as novel modeling methods, the DDI-predicting models will make
a greater contribution to addressing the issues (e.g., ADRs) arising
from polypharmacy.
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