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Abstract: Drug repositioning invovles exploring novel usages for existing drugs. It plays an important
role in drug discovery, especially in the pre-clinical stages. Compared with the traditional drug discov-
ery approaches, computational approaches can save time and reduce cost significantly. Since drug repo-
sitioning relies on existing drug-, disease-, and target-centric data, many machine learning (ML) ap-
proaches have been proposed to extract useful information from multipleidata resources. Deep learning
(DL) is a subset of ML and appears in drug repositioning much later than basic ML. Nevertheless, DL
methods have shown great performance in predicting potential drugs in.many studies. In this article, we
review the commonly used basic ML and DL approaches in drug repositioning. Firstly, the related da-
tabases are introduced, while all of them are publicly available, for researchers. Two types of pre-
processing steps, calculating similarities and’ constructing networks based on those data, are discussed.
Secondly, the basic ML and DL strategies are illustrated. separately. Thirdly, we review the latest stud-
ies focused on the applications of basic ML and DL.in‘identifying potential drugs through three paths:
drug-disease associations, drug-drug interactions, and drug-target interactions. Finally, we discuss the

limitations in current studies and suggest several directions of future work to address those limitations.

Keywords: Machine learning, deep learning, drugsrepositioning, drug-disease association, drug-drug interaction, drug-target

interaction.

1. INTRODUCTION

In the traditional pharmaceutical industry, introducing a
new drug into the market is very costly and time-consuming.
Expenditure of about 1 billion US dollars and‘time period of
ten years are common [1]. The related budgets are still in-
creasing rapidly. In the traditional drug.discovery pipeline,
four major procedures are essential: ‘drug discovery, pre-
clinical experiments, clinical trials, and regulatory approval
[2], as shown in Fig. (1). Several thousands of small com-
pound candidates are typically studied to develop one new
drug. However, in many projects, no drug can be taken to the
market successfully.

Drug repositioning approaches have been proposed to
identify novel treatments for existing drugs in order to save
time, reduce cost, and improve the possibility of success.
The safety and other properties of existing drugs have been
studied clearly so that the pre-clinical periods can be reduced
significantly. Some successful drugs have been identified to
serve as novel treatments for different diseases, and have
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approved by the United States Food and Drug Administra-
tion (FDA), such as sildenafil, thalidomide, zidovudine,
minoxidil, and celecoxib [3]. Those drugs are generated by
two types of drug repositioning approaches, which are phe-
notypic screening and target-based approaches [4]. In the
first decade of the 21st century, 45 small compounds were
proposed by those two types of approaches, 28 of which
were identified by phenotypic screening [5, 6].

However, the traditional drug repositioning approaches
still have some limitations. In phenotypic screening, small
animal models and cell-based models are necessary. The
robustness and relevance of models influence the success of
screening [7]. In target-based approaches, the experiments
are based on assays, and the number of effective drug targets
is limited [8]. Computational drug repositioning approaches
have been proposed to address those limitations. Based on
biological data, various algorithms and applications have
been proposed to identify novel treatments for existing
drugs.

Machine learning (ML) technologies have been applied
in many computational fields and achieved good perfor-
mance in solving regression, classification, and clustering
problems. The concept of “machine learning” was proposed
by Alan Turing in the 1950s [9]. They are useful tools to
identify potential drugs in drug discovery. Deep learning and
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Fig. (1). The drug discovery pipeline.

basic ML are two classes of ML. The basic ML strategies,
such as basic neural network (NN) [10-20], decision tree [21,
22], random forest (RF) [22-31], k-nearest neighbor (KNN)
[22, 32], random walk (RW) [33-42], support vector ma-
chine (SVM) [15, 25, 43-47], and shallow autoencoder [19,
26, 41, 48-50], have shown their successful usages in pre-
dicting potential drug-disease associations (DDAs), drug-
drug interactions (DDIs), and drug-target interactions
(DTIs). Those associations and interactions help_identify
novel treatments for existing drugs. Many researchers apply
ML methods to extract drug features, disease features, and
target features from public databases and make» predictions
based on those feature vectors [10, 22,32, 43, 44, 51]+Other
researchers employ ML methods to predict potential missing
links on the drug-disease heterogeneous network [33]. The
networks are based on known links and similarities. The in-
ferred probability values are given to the unknown links
which are not shown on the network.

Deep Learning (DL) has also been applied to drug reposi-
tioning recently; Wen ef al. utilized,a DL method to predict
potential DTIs [52], which is the first DL application in pre-
dicting DTIs. After that, many DL methods have been ap-
plied to predict potential DTIs, DDAs and DDIs, such as
deep neural network (DNN) [15, 25, 42, 49, 53-60], convolu-
tional network (CNN) [11, 14-17, 19, 27, 55, 58, 59, 61-65],
recurrent neural network (RNN) [16, 55], and stacked auto-
encoder (SAE) [28, 30, 42, 66].

In the applications, many methods focus on predicting
some novel DDAs, DDIs, and DTIs. DDAs provide essential
information for drug repositioning [48]. Novel associations
may reveal the treatments of existing diseases with new
drugs.

DDIs reflect the relationships between two drugs. A drug
may enhance the therapeutic efficacy of a drug and reduce
the toxicity of another drug [67]. The predictions of DDIs
help find some drug combinations that provide an effective
treatment for a disease. Additionally, based on the “guilt-by-
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association” principle<[68, 69], similar drugs may provide
similartreatments.

Identifying DTIs is essential as it provides insights into
the experimental‘design of drug discovery [70]. The targets
are molecules that have proven associations with particular
diseases [71]. Prediction of novel DTIs helps find novel us-
ages of existing drugs.

According to the workflow of this review shown in Fig.
(2), we first summarize some commonly used databases for
drug repositioning purposes in Section 2. The most common-
ly used data types are drug features, disease features, target
features, DDAs, DDIs, and DTIs [72]. The basic ML models
and DL models are based on the feature vectors, associa-
tions, and interactions extracted from the databases. About
15 commonly used methods are introduced in Section 3.
Then their latest applications in drug repositioning are sys-
tematically reviewed in Section 4. To make them clear, we
divide them into three parts: the predictions of DDAs, DDIs,
and DTIs. Finally, we discuss the limitations of those appli-
cations and some directions of future work in Section 5.

2. RELATED DATABASES AND PRE-PROCESSING
STEPS

Drugs, diseases, and targets are key components for drug
repositioning. Therefore, we first summarize some of the
widely used databases for drug-, disease- and protein-centric
information in Table 1. Those data types include many fea-
ture types, such as drug chemical structures, disease pheno-
types, and protein amino acid sequences.

Before employing ML and DL algorithms, two pre-
processing steps are commonly adopted, including calculat-
ing similarities and constructing networks. The similarity is
between two instances of the same type: drug-drug, disease-
disease, and target-target. Various methods have been pro-
posed to calculate the similarities, while some of the meth-
ods can be used in more than one type, as shown in Table 2.
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Table 1. Drug-, disease- and protein-centric databases.
Names Descriptions URLSs
BRENDA Drug target sequences and 3-D structures. https://www.brenda-enzymes.org/
ChEMBL Physicochemical properties of drugs. https://www.ebi.ac.uk/chembl
CMap Drug perturbation profiles. https://clue.io/cmap
Comparative Toxicogenomics Database | Drug-gene, gene-discase, drug-disease and gene-gene associations. http://ctdbase.org/
(CTD)
DGIdb Drug-related genes, Drug-gene annotations, interactions and poten- https://www.dgidb.org/
tial drug ability database.
DisGeNet Disease-related genes. https://www.disgenet.org/

Drug target common (DTC) database

Drug-target interactions.

https://drugtargetcommons.fimm.fi/

genetic perturbation. 1.3 Million L1000 profiles and tools for their
analysis.

ENCODE Database of comprehensive parts list of functional elements in https://www.encodeproject.org/
human genome.
FAERS Adverse event reports and medication error reports submitted to https://www.fda.gov/drugs/ surveil-
FDA. lance/questions-and-answers-fdas-
adverse-event-reporting-system-faers
GEO High throughput gene expression datasets. https://www.ncbi.nlm.nih.gov/geo/
IUPHAR Drug-target interactions. https://www.guidetopharmacology.org/
KEGG Databases dealing with genomes, biological pathways, diseases, https://www.genome.jp/kegg/
drugs, and targets.
LINCS Dataset of transcriptional responses of human cells to chemical and https://lincsproject.org/

National Drug File Reference Termi-
nology (NDF-RT)

Drug characteristics, including ingredients, chemical structure,
dose form, physiological effect, mechanism of action, pharmacoki-
netics, and related diseases.

https://bioportal.bioontology.org/
ontologies/NDFRT

(Table 1) Contd...
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Names Descriptions URLs
NCI-DTP Growth inhibition data. https://dtp.cancer.gov/
OMIM Human genes and genetic phenotypes. https://www.omim.org/

Open Targets Platform

Comprehensive and robust data integration for access to and visu-
alization of potential drug targets associated with the disease.

https://www.targetvalidation.org/

PubChem More than 90 million compounds’ chemical information along https://pubchem.ncbi.nlm.nih.gov/
with their bio activities, gene and protein targets.
SIDER Adverse drug reactions, side effects and the indications of market- http://sideeffects.embl.de/
ed medicines; information on marketed medicines and their rec-
orded adverse drug reactions.
STRING Protein-protein interactions, analysis, and networks. https://string-db.org/
SuperTarget Drug-target relations. https://bioinformatics.charite.de/

supertarget/

Therapeutic Target Database (TTD)

Dataset of known and explored therapeutic protein and nucleic
acid targets, the targeted disease, pathway information and the
corresponding drugs directed at each of these targets.

http://db.idrblab.net/ttd/

Table 2. The feature types and similarities of drug-drug, disease-disease, and target-target associations.

Association Types Feature Types

Similarity Methods/Tools

Drug-Drug Chemical structure

CDKSim [73], SIMCOMP [74], Marginalized [75], Tanimoto
[76], Spectrum and Lambda-k [77]

ATC codes

ATCSim [78]

Associated targets

Tanimoto [76], GIP [32]

Side effects Sider2 [79], Aers-bit and Aers-freq [80]
Disease-Disease Phenotypes SemFunSim [81], Separation [82]
Ontologies DoSim [83]

Associated genes

GIB and PSB [84], ICod [85]

Target-Target Amino acid sequences

Smith—Waterman algorithm [86], Spectrum and Mismatch [87]

Ontologies

Semantic similarity [88]

Associated drugs

GIP [32]

A heterogeneous network is a network with two or more
types of instances. An example of a drug-disease heteroge-
neous network is shown in Fig: (3) [33]. It consists of a drug
similarity network, a disease similarity network, and a drug-
disease association network. The known drug-disease asso-
ciations are used to connect the two similarity networks. In
the similarity networks, the weights of interactions are based
on the similarities. 5 different values of weights are used as
examples in Fig. (3).

Some network-based methods are employed to identify
the missing links in the heterogeneous network. Additional-
ly, an adjacent matrix is determined from the network and it
can be used to extract drug feature vectors and disease fea-
ture vectors.

3. BASIC MACHINE LEARNING AND DEEP LEARN-
ING STRATEGIES

In this section, we illustrate the computing strategies of
basic ML and DL, as shown in Table 3. For basic ML, we

discuss eleven commonly used methods. For DL, we intro-
duce four types of deep neural networks (DNNs).

3.1. Basic Machine Learning Strategies

The basic idea of machine learning (ML) is to construct a
model based on sample data. The models are used in a varie-
ty of applications, such as pattern recognition and drug repo-
sitioning. In this section, we introduce eleven widely used
basic ML methods in drug repositioning, which are grouped
into four categories: regression-based methods, ensemble
methods, instance-based methods, and neural network meth-
ods.

3.1.1. Classification-based Methods

The classification-based methods are based on the linear
combination of features to assign samples into two or more
classes. The logistic regression and support vector machine
are two typical classification-based methods, which are
commonly used in binary classification problems of drug
repositioning.
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Fig. (3). An example of a drug-disease heterogeneous network. The solid lines denote the known drug-disease associations, and the weights
of dotted lines denote the similarities. Six different weight values are exemplified. (4 higher resolution / colour version of this figure is

available in the electronic copy of the article).

Table 3. The introduced basic ML and DL strategies.

Types of Strategies

Commonly Used Strategies

Classification-based

Logistic regression
Support vector machine

Ensemble Methods

Decision tree
Bagging
Boosting

Random forest

Instance-based Methods

K-nearest neighbor
K-means
Random walk

Neural Network Methods

Basic neural network
Basic autoencoder

Deep Learning Methods

Convolutional neural network
Recurrent neural network
Deep autoencoder
Generative Adversarial network

Logistic Regression (LR) employs a logistic function to
model a binary dependent variable. Most of the predictions
of DDAs (or DDIs and DTIs) are binary classification prob-
lems. Therefore, the binary LR model has a dependent varia-
ble with two possible labels: “0” and “1”. The log-odd for
the value labeled “1” is a linear combination of independent
variables. The probability of the variable labeled “1” varies
between 0 and 1, that is a logistic function is used to convert
log-odds to probability, as shown in Fig. (4a). A few re-
searchers employ LR to predict potential drugs. Liu et al.
utilized several ML models to predict novel DDAs, includ-
ing LR [25].

Support Vector Machine (SVM) is one of the most wide-
ly used classification algorithms [89]. When dealing with
binary classification problems, SVM generates a hyperplane
in the sample space. A good separation is achieved by the

hyperplane with the largest distance to the nearest training
sample of any class. The larger the distance is, the lower the
error of the classifier is. An example of SVM for binary clas-
sification is shown in Fig. (4b). The SVM can be used to
predict potential DDAs, DDIs, and DTIs [15, 22, 25, 43, 45,
46]. Beyond those, Zheng et al. employed the SVM algo-
rithm to identify some satisfied reliable negative DDIs from
unknown DDIs [44]. The known DDIs and reliable negative
DDIs are utilized to predict potential DDIs.

3.1.2. Ensemble Methods

The ensemble methods combine multiple models to pro-
duce improved results of base models. In drug repositioning,
many researchers use a decision tree as the base model and
apply bagging and boosting methods to improve it. In the
following, we mainly review decision tree, bagging, random
forest, and boosting methods.
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00 Decision Tree is used in many areas such as radar signal
classification, medical diagnosis, and speech recognition [90,
91]. It is a tree structure model. Each internal node is a deci-
sion on an attribute, each branch is the outcome of a deci-
sion, and each leaf node is a class label Fig. (5). The paths
from the root node to leaf nodes are classification rules. An
example is shown in Fig. (5a), in which both cancer samples
and healthy samples have two gene values. A decision tree
model is constructed to distinguish cancer samples from
o ) healthy samples. In this review, the employment of decision
(a). Logistic regression tree model as a classifier is discussed for predicting potential
drugs [21, 22].

Bagging is an abbreviation of “bootstrap aggregating.” It
is an ensemble algorithm to reduce variance and avoid over-
fitting [92]. It is often combined with other ML methods,
such as decision trees. An example is shown in Fig. (6a). n
datasets are generated from the original dataset by sampling
along with replacement. Each dataset has the same sample
size. A classifier is constructed in each subset. The voting of
the outputs of all classifiers is the result of the bagging strat-
egy. When processing.regression problems, the result is the
average of the outputs'ef all models.

)Suppon vectors Random Forest (RF) is an application of the bagging
© method in classification. It is a combination of decision trees
in which ceach tree is constructed independently [93], as
shown dn Fig. (5b). It retains the benefits of decision trees
while, achieving better results by bagging samples [94]. It
works well when dealing with biological datasets with a
large number of features. Many researchers apply RF to pre-
dict potential drugs [21-30]. In those applications, the RF

@
)

(b). Support vector machine

Fig. (4). Examples of logistic regression (a) and support vector
machine (b). (4 higher resolution / colour version of this figure is
available in the electronic copy of the article).
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Fig. (5). Examples of decision tree (a) and random forest (b). (4 higher resolution / colour version of this figure is available in the electronic
copy of the article).
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model is a good classifier when processing vectors with
thousands of features.

Boosting is another type of ensemble algorithm [95].
Most boosting algorithms consist of several classifiers in
sequence. The first classifier classifies the training data.
Then the misclassified data gain a higher weight, and cor-
rectly classified data lose weight. The second classifier
works on the weighted data and updates the weights, as
shown in Fig. (6b). The multiple weak classifiers can form a
strong classifier via boosting.

The Adaptive Boosting (AdaBoost) [96] and Gradient
Boosting [97] are two algorithms that use the boosting meth-
od. In AdaBoost, the outputs of the weak classifiers are
combined into a weighted sum, while the weights are updat-
ed iteratively to adapt to the weak classifiers. In Gradient
Boosting, the model is trained based on the residual between
the true value and the predicted value of each sample. In

predicting potential drugs, those algorithms are often com-
bined with a decision tree or RF [29].

3.1.3. Instance-based Methods

The instance-based methods compare new instances with
the training instances. This review mainly focuses on k-
nearest neighbor, k-means clustering, and random walk.

K-nearest neighbor (KNN) is a typical instance-based
method, either for classification or for regression problems
[98]. Because KNN relies on distances to determine the
nearest neighbors, a normalization process is useful to im-
prove its accuracy, especially when the features vary in dif-
ferent scales. A commonly used distance metric is the Eu-
clidean distance. An example of samples in 2-D space is
shown in Fig. (7a). In a classification problem, a voting pro-
cess is employed in the input sample’s &k nearest neighbors.
The input sample is assigned to the class that has more votes
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Fig. (7). Examples of k-nearest neighbor (a), k-means clustering (b),andrandom walk (¢). (4 higher resolution / colour version of this figure

is available in the electronic copy of the article).

among the neighbors. When processing a regression: prob-
lem, the input sample has an average value of its/& nearest
neighbors. Both types of problems are applicable in drug
repositioning. In an earlier study [32], each known DDI had
an intra-similarity, while the score of an unknown DDI'was
the average similarity of its & nearest known DDIs. In-anoth-
er study [22], KNN was applied to predict potential DDIs.

K-means Clustering (KMC) aims to cluster samples into
k clusters. Each cluster has a center, and each sample be-
longs to the class whose center is the nearest center to the
sample; then each center is updatedraccording to the samples
assigned to it, as shown in Fig. (7b). & is determined by us-
ers, and k samples are randomly identified as the initial cen-
ters of classes. After all the other samples are assigned to the
nearest class, the centers are updated. Then the samples are
assigned to the nearest classes iteratively. The algorithm is
converged when assignments do not change significantly. In
drug repositioning, KMC helps find the subsets of a dataset.
Wang et al. utilized KMC to generate sub-types from cancer
samples and identify a gene signature from each subset [99].

Random Walk (RW) is a stochastic process that the posi-
tion of an instance in the (i+1)-th movement is only deter-
mined by its position in the i-th movement and a transition
probability between those two movements, as shown in Fig.
(7¢). In similarity networks and heterogeneous networks,
RW is a useful method to study the topological properties. In
drug repositioning, many researchers used RW and its varia-
tions to predict potential drugs based on the drug-disease and
drug-target heterogeneous networks [33-42].

3.1.4. Neural Network Methods

Neural networks are powerful models in machine learn-
ing. In the following, we mainly focus on basic neural net-
works and basic autoencoders, while deep networks are dis-
cussed in Section 3.2.

Basic Neural Network (NN) is a network method that
contains three types of layers: input layer, hidden layer, and
output layer [100]. The neurons in a layer are fully connected
with those in the neighbor layers, as shown in Fig. (8a). Tak-
ing the neurons in the hidden layer for instance, the infor-
mation is transformed as follows:

H® =5(W,H" +B,) (1)

Where, ¢ is the activation function in the hidden layer,
H™ and H®" are the inputs and outputs of the hidden layer,
respectively. Meanwhile, the inputs of the hidden layer are
the outputs of the input layer, and the outputs of the hidden
layer are the inputs of the output layer. Wy and By are the
weight matrix and bias vector of the hidden layer.

There are different activation functions, such as Sigmoid,
TanH, eLU, ReLU, Leaky ReLU, and Softmax. The re-
searchers can use any of them according to their require-
ments.

Many cost functions, which represent the differences be-
tween the predicted values and real values, are defined in
applications. The cost function is used to optimize the values
of parameters. One of the frequently used cost functions in
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Fig. (8). The structures of basic neural network (a) and basic autoencoder (b). (4 higher resolution / colour version of this figure is available

in the electronic copy of the article).

processing binary classification problems is the binary cross-
entropy cost function as follows:

Cost=—%E[yln(p)+(l—y)ln(l—p)] 2)

Where, n is the number of training samples, x is a train-
ing sample, and y is the label of x, while p is the prediction
value. y has two possible values: “0” and “1”.

In this review, the NN model is discussed in Section 4 for
predicting the potential DDAs (DDIs or DTIs) [10-19]. The
inputs of the NN are feature vectors extracted by different
methods, and the outputs are the probabilities, of the potential
DDAs, DDIs, and DTIs.

Basic autoencoder is a type of NN that learns_to copy its
input to its output. The input layer and the outputlayer have
the same number of neurons. The autoencoder has a code
layer that describes a code to represent the input. It consists
of two parts: an encoder maps an inputito a code, and a de-
coder maps the code to an output: An example of a shallow
autoencoder is shown in Fig. (8b). In drug repositioning, the
autoencoder model is often utilized to reduce the dimension-
ality of feature vectors [19, 26, 41, 48]. Their dimensions are
reduced from thousands to hundreds, and the predictions in
the following processes become satisfying.

3.2. Deep Learning Strategies

The neural network with multiple hidden layers between
the input layer and output layer is defined as a “deep neural
network (DNN),” which underpins deep learning. The wide-
ly used convolutional neural network (CNN) [101], recurrent
neural network (RNN) [102], Deep Autoencoder (DAE)
[103], and generative adversarial network (GAN) [104] are
different types of DNNs with different structures.

Convolutional Neural Network (CNN) utilizes several
convolutional layers, pooling layers, and fully connected
layers to form the model, as shown in Fig. (9a). The convo-
lutional layer uses kernels to encode its input data [105]. In

this layer, the widely used activation function is ReLU. The
pooling layer aims to reduce the dimensionality of the data
by integrating several neighbor neurons of one layer into a
single neuronsinithe next layer. Max-pooling and average-
pooling are two.common types of pooling. Max-pooling
transforms-the maximum value among neighbor neurons of
the prior layer to the next layer, while the average-pooling
layeriuses the average value instead. After several convolu-
tionallayers and pooling layers, a few fully connected layers
are applied to generate the prediction results. CNN models
can be employed to predict potential DDAs, DDIs and DTIs
[11,14-17, 19,27, 55, 58, 59, 61].

Recurrent neural network (RNN) is a class of neural net-
works that the connections between neurons form a directed
graph along a temporal sequence, as shown in Fig. (9b). The
neurons at time ¢ get inputs from other neurons in previous
time steps. The calculation processes are as follows:

Y,=g(VH,+B,) (3)
H,=f(UX,+WH,_ +B,) 4)

Where, the U, V, and W are weight matrices. By and By
are bias vectors. X,, H;, and Y, are the matrices of the input
layer, hidden layer, and output layer at time ¢, respectively. g
and f'are activation functions.

Deep autoencoder (DAE) is an autoencoder with multiple
hidden layers, as shown in Fig. (10a). Both the encoder and
the decoder consist of some layers with different numbers of
neurons, while the code layer often contains a smaller num-
ber of neurons than those present in the input layer. Similar
to the shallow autoencoder, DAE is commonly used to learn
the advanced features of drugs/targets in drug repositioning
[30, 49, 50], while the advanced features are fed into classi-
fiers to make predictions.

Generative adversarial network (GAN) is based on a
game theory that two neural networks compete with each
other [104]. The two neural networks are the generator net-
work and discriminator network, as shown in Fig. (10b). The



10  Current Bioinformatics, xxxx, Vol. xx, No. x

Convolutional layer

Pooling layer
Inputs 2 laye

\

g
Fully connected 3 lytidnal layer
y connected Convolytidnal layer

g \
e ; Pooling layer 5
*.._ Pooling layer v

()u[pul,x". A

Output ¥ Yo Y, ) g

J ’] Iterations

Hidden H w

(b). Recurrent neural network

Fig. (9). The structures of convolutional neural network (a) and
recurrent neural network (b).

generator produces samples, and the discriminator aims to
distinguish between the training samples and the-samples
from the generator [106]. Researchers employed. the GAN
models to distinguish the known DTIs and.the unknown
DTIs based on their feature vectors [107].

4. DRUG REPOSITIONING PROBLEMS

In the previous two sections, we have discussed the data-
bases and ML/DL methods. In this section, we review some
latest applications in drug repositioning. We divide the pre-
dictions of novel drugs into three types: drug-disease associ-
ation (DDA) prediction, drug-drug interaction (DDI) predic-
tion, and drug-target interaction (DTI) prediction. The DDA
prediction aims to find some novel drugs directly, based on
multiple types of drug features and disease features, such as
drug structures, drug side effects, disease phenotypes, and
disease genes. The second type is to identify some drugs
which have interactions with existing drugs, as they may
provide potential treatments for the same disease. The third
type aims to identify some novel DTIs. Mostly, a drug target
is a protein, which has essential functions in disease path-
ways.

4.1. Evaluation Metrics

In related studies in drug repositioning, the predictions of
DDA, DDI, and DTI are often treated as binary classifica-
tions. Various evaluation metrics are used to measure the
prediction performance.

Wang et al.
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Fig. (10). The structures of Deep autoencoder (a) and Generative
adversarial network (b). (4 higher resolution / colour version of this
figure is available in the electronic copy of the article).

Precision, recall and F1 score are commonly used to
measure the prediction performance. Based on the four basic
metrics of true positive (TP), false positive (FP), false nega-
tive (FN), and true negative (TN), as shown in Table 4, pre-
cision is defined as TP/(TP+FP), recall is defined as
TP/(TP+FN), and the F1 score is as follows:

F| = 0 x Precisionx recall (5)
precision + recall

A receiver operating characteristic (ROC) curve is creat-
ed by plotting the TP rate against the FP rate in various
thresholds. Similarly, the precision-recall (PR) curve is cre-
ated by plotting the precision against recall in various
thresholds. Furthermore, the area under the ROC curve
(AUCROC) and area under the PR curve (AUCPR) are used
to measure the prediction performance, which is the area
under the corresponding curve.

4.2. Drug-Disease Association Predictions

When handling disease and drug data together, the drug-
drug similarities and disease-disease similarities are utilized
by many drug repositioning methods. A small molecule drug
may have many features, including side effects, chemical
structures, target sequences, and related genes [108, 109].
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Table 4. The confusion table.
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Predicted Condition

Predicted Positive Predicted Negative

Actual positive

True Positive (TP) False Negative (FN)

Actual Condition

Actual Negative

False Positive (FP) True Negative (TN)

Different features may emply different methods for calculat-
ing similarity, as listed in Table 2. A disease also has some
features and similarity calculating methods [110, 111].

Based on the similarities, some machine learning meth-
ods are applied to predict potential drug-disease associations
(DDASs), such as random walk [33, 34], SVM [43], and RF
[23, 24]. Luo et al. applied one type of similarity for each
instance and a random walk algorithm to identify new indi-
cations for existing drugs [33, 34]. In an earlier research
work [33], the drug-drug chemical structure similarity and
disease-disease phenotype similarity have been proposed to
construct a drug similarity network and a disease similarity
network. The two networks were connected by known DDAs
and formed a heterogeneous network. A bi-random walk
algorithm was applied to the heterogeneous network, while
one random walk was in the drug network and another in the
disease network. Each random walk produced a value, and
the average value denoted the probability of the drug-disease
association. In another study [34], the heterogeneous net-
work contained three parts: drug network, disease network,
and target network. A random walk with restart (RWR) was
applied to the heterogeneous network and preducedra probas
bility vector, which contained the probability scores of-all
drugs associated with a given disease.

The drug-disease association prediction problem.is often
formulated as a classification problem. Lee-Yoon‘et al. con-
structed an RF model to predict potential DDAs via genes
[23]. The genes were utilized to connect*drug target genes
and disease genes. Then the drug-disease pairs were repre-
sented to gene paths, which have‘been-proposed to train an
RF model. The known DDAs were assigned as positive sam-
ples, and the unknown ones as negative samples. Zhou ef al.
generated a drug-disease heterogeneous network and utilized
an RF model to make a prediction [24].

Besides single similarity for drugs and diseases, multiple
similarities can be concatenated together to increase the pre-
diction accuracy. Kim et al. utilized four types of drug-drug
similarity and three types of disease-disease similarity in
their work [43]. Furthermore, 1,330 known DDAs were uti-
lized as the basic instances. For a drug-disease association
that needs to be predicted, the drug in it may have similari-
ties with the drugs in all known DDAs, and the disease in it
may have similarities with the diseases in all known DDAs.
One type of drug similarity and one type of disease similarity
are used to construct a classification feature. Twelve types of
feature integrations are generated. Finally, an SVM model is
constructed, and 10-fold cross-validation is applied to evalu-
ate this model.

Besides basic ML methods, some DL methods are uti-
lized to make the prediction. Liu et al. constructed a drug-
disease heterogeneous network and applied a DNN model to
predict potential DDAs [25]. An adjacent matrix has been
constructed, while each row or column was treated as the
feature vector of an instance. The two feature vectors of a
drug-disease pair were integrated and fed into a DNN model,
and a probability score has been generated. The proposed
deep learning method achieves higher scores in multiple
measurements than some ML approaches, including logistic
regression, SVM, and RE;

Jarade et al. proposed a DNN model [53] and a collective
variational autoenceder (cVAE) model [48] to predict
DDAs. An theirwork, several drug similarities and disease
similarities were filtered and integrated. The integrated fea-
ture vectors. were fed into either a DNN model or a cVAE
model to ‘finish the prediction. The two models performed
better than some machine learning approaches in terms of
both AUCROC and AUCPR.

Zeng et al. proposed a multi-modal deep autoencoder
(MDA) model to extract low-dimensional features from mul-
tiple networks and a cVAE model to predict potential DDAs
[66]. A co-occurrence matrix was generated via a random
walk on the heterogeneous network. Then the co-occurrence
matrix has been transformed into a positive pointwise mutual
information (PPMI) matrix [112], which was utilized as the
input data of MDA [102]. The middle layer of the MDA in-
formative feature was made part of the input of the cVAE
model. Other parts of input data were the known DDAs. The
probability score has been generated to reflect the potentiali-
ty of the drug-disease pairs.

Based on multiple features and similarities, Jiang et al.
proposed an autoencoder model [26] and a CNN model [27]
to predict potential associations. In the study in which the
autoencoder model has been proposed [26], for a given drug-
disease association, the drug chemical structure fingerprint,
drug Gaussian interaction profile (GIP) kernel similarity,
disease GIP kernel similarity [113], and disease MeSH term
similarity were concatenated [114] and fed into an autoen-
coder. After dimensionality reduction, an RF classifier has
been applied to finish the prediction. In the latter study [27],
the autoencoder has been replaced by a CNN model, and the
RF utilized as a classifier.

CNN is another commonly used DL model in drug repo-
sitioning. It can effectively extract features from different
types of raw data. Li et al. proposed a CNN model to con-
duct a binary classification of DDAs [11]. The drug features
were based on the simplified molecular-input line-entry sys-
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tem (SMILES) [115] with a dimensionality of 881. The dis-
ease features were retrieved from the human symptoms-
disease network [116], and its dimensionality was 322. An
881x322 matrix has been constructed and mapped to a gray-
scale image. A CNN model has been then applied to extract
feature vectors from the image and generate the prediction
results.

Graph neural network (GNN) [117] has several subtypes,
including graph convolution network (GCN) and graph auto-
encoder (GAE). Wang et al. proposed a GNN based method
to predict potential DDAs [118]. A drug-disease association
network has been constructed from known associations.
Then a GNN model was applied to exploit the high-order
features in the network. Yu et al. came up with a layer atten-
tion GCN (LAGCN) model to predict DDAs after the con-
struction of a drug-disease heterogeneous network [119]. In
the embedding process of LAGCN, each layer involved a
weight parameter to adjust the contribution of different lay-
ers. The parameters were auto-learned by NN.

In a previous research on DDAs, most of their features
have been different; for instance, the drugs’ chemical struc-
tures and the diseases’ phenotype ontologies. However, both
of them had associations with genes, which could be meas-
ured in microarray platforms. Focusing on the expression
values of genes under different drugs in different cell lines
can reveal the DDAs directly. In this way, a set of drug pet-
turbation profiles can be downloaded from the CMap “and
LINCS databases, and the disease profiles can be download-
ed from the GEO database, as listed in Table 1.

Wang et al. applied a k-means algorithm<to cluster the
disease profiles into several groups to represent the cancer
subtypes [99]. Each group was utilized to,identify a list of
disease genes. The disease-gene signatures,have been-based
on the weighted frequencies of genes in the lists, which were
mapped with the drug perturbation profiles in‘the. CMap da-
tabase [120, 121]. The connection score of a'disease signa-
ture and a drug profile represents their possible association,
while a negative number indicates, that'the drug may have
potential treatments for the disease.sIn"comparison with the
methods without the k-means® algorithm, the proposed
framework achieves better prediction accuracy in several
types of cancers. Zhao et al. used the drug profiles in CMap
to train five machine learning classifiers. Based on the drug
indications extracted from ATC and MEDI-HPS [122], the
positive and negative drug labels have been generated. The
authors focused their study on three types of diseases and
predicted several drugs having literature evidence.

4.3. Drug-Drug Association Predictions

Unlike the drug-disease associations, the drug-drug inter-
actions (DDIs) have the same feature types connecting them
together, such as chemical structures, targets, enzymes,
pathways, transports, indications, and side effects. There are
many types of DDIs, which reflect the connections between
the two drugs, such as the bioavailability/metabolism/serum
concentration/therapeutic efficacy of drug a can be de-
creased/increased by drug b. Therefore, identifying the types
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of DDIs can help study the drug repositioning potentiality of
a drug combination. Additionally, for a single drug, based on
the “guilt-by-association” principle, the high similarities
with other drugs may reflect their treatment similarity. Those
two parts are the main field of DDI prediction for drug repo-
sitioning.

Ferdousi et al. employed 12 binary features to analyze
DDIs [123]. The features were integrated, and the pair simi-
larities have been calculated. For the known DDIs, a pre-
processing step is added to delete the DDI whose two drugs
have no common biological item or have an empty common
feature vector. Among the remaining known DDIs, the min-
imum positive similarity value is set to be the threshold,
which is utilized to determine whether an unknown drug-
drug pair has the potential to be a DDI.

Yan et al. only calculated the similarities of known DDIs
and applied a regularized least squares (RLS) classifier to
finish the prediction [32, 124]. In an earlier work [32], eight
types of drug features were integrated and the total dimen-
sionality of the drug vector was kept as 21,351. Then the
similarity of a drug*dfug pair was calculated. Based on the
known'DDIs and similarities, the initial score of an unknown
DDI was generated through the KNN method. The drug in-
teraction vector _consists of initial scores between it and all
other drugs: The GIP kernel similarity matrix is based on the
drug-drug interaction vectors. Finally, an RLS classifier is
employed to predict potential DDIs based on the matrix. In
another research work [124], the GIP similarity has been
applied to the adjacent matrix directly, without the initial
score procedure. Then the GIP similarity and drug feature
cosine similarity have been integrated and averaged to con-
struct the similarity matrix.

In many classification methods, the known DDIs are
treated as positive samples, and unknown DDIs as negative
samples. Some researchers identify reliable negative samples
(RNS) from unknown DDIs. Bi et al. calculated an average
distance between an unknown DDI and all known DDIs,
while only the unknown DDIs with large distances were
identified as RNS [125]. The residual unknowns were treated
as unlabeled samples. The samples with three types of labels
have been utilized for training an extreme learning machine
(ELM) [126] and predict the potential DDIs. Zheng et al.
applied an SVM to identify RNSs and another SVM to pre-
dict DDIs [44]. Its performance is better than Bi’s method
based on the measurement of recall and F-score.

In many studies, researchers prefer to use multiple types
of similarities without any distinction. Rohani et a/. added a
filter procedure and employed a neural network model to
predict potential DDIs [10]. They first selected several types
of similarities with the most information and least redundan-
cy [127], then a nonlinear method has been applied to inte-
grate the selected similarity matrices. Each drug has a feature
vector in the integrated matrix [128]. A neural network mod-
el integrates two drug feature vectors, and the output is a
probability value for potential DDI.

DDIs can be used to construct a DDI network, where the
known DDIs are the edges in the network. Then the DDI
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prediction problem is transformed into the prediction of
missing links in the network. Zhou et al. employed a Markov
clustering algorithm to identify drug groups from the net-
work, and most of the groups have been significantly corre-
lated with certain functions [129]. Munir et al. applied the k-
means algorithm to generate 12 clusters of drugs and con-
struct 12 DDI networks [130]. All the drugs have been used
for the treatment of epidermal growth factor receptor
(EGFR) mutations in various cancers. The drugs that con-
nected with the nodes with the largest centrality values in
each network were selected and combined to construct a
final DDI network. Then the same procedure has been ap-
plied to identify the final drugs with potential interactions.
The predicted DDIs have been verified by molecular docking
results.

Kastrin et al. integrated DDI networks with feature simi-
larities to predict potential DDIs [22]. Their five networks
have been found to be based on five databases. Five machine
learning algorithms, including decision tree, KNN, SVM,
RF, and gradient boosting machine (GBM), have been ap-
plied to finish the prediction based on topological features of
the networks and semantic features.

Zhang et al. integrated 14 types of similarities to make
the DDI prediction [35]. Eight of them were based on drug
features, such as chemical structure, targets, and pathways.
Six of those have been based on the DDI network, which has
been constructed from the known DDIs. A random walk
method was applied to the DDI network with each of the
similarity matrices. All the predictions were combined
through an ensemble learning procedure [131] to.generate an
improved final prediction result.

Similar to the drug-disease association predictions, DL
methods are utilized to predict potential DDIs. Zhang'et al.
applied multi-modal deep auto-encoders to generate low-
dimensional feature vectors of drug pairs and predicted po-
tential DDIs via RF classifier [28]. Ryu ef al. employed a
DNN model to predict potential DDI types [54]. Shukla ef al.
proposed a modified DNN model to"make the prediction
[55]. In their model, a few CNN and“RNN hidden layers
were added to process the drug features; the prediction accu-
racy of their model has been found to be better than either
CNN models or RNN models. Lee ef al. collected three types
of data, including drug structures, target genes, and GO
terms [49]. For a given drug pair, three types of feature vec-
tors have been selected. The same types have been integrated
and fed into an autoencoder. The three code layers of the
three autoencoders have been integrated again and fed into a
DNN model, which has been used to predict DDI types.
Deng et al. utilized four types of similarities and constructed
four similarity matrices [56]. The similarity matrices were
fed into a DNN model, and the output was the DDI events,
which have been used to describe the DDI relationships.
Feng et al. proposed a GCN model to extract the network
structure features of drugs from the DDI network and predict
DDIs [57]. A 2-layer GCN was utilized to obtain drug fea-
tures and produce a feature vector matrix. Two drug vectors
were integrated and fed into a DNN model, which was used
to deduce the potential DDIs.
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The previous studies have involved drug-drug pairs, as in
some conditions, a combination of more than two drugs may
provide potential treatments. Peng et al. proposed a novel
model to predict the reactions of drug combinations [132]. In
the first process, the dimensionalities of drug features were
reduced through a neural network model. The new drug vec-
tors were integrated via three approaches: max pooling,
mean pooling, and self-attention. The embedding vectors
were fed into a second neural network model, and the output
value was used to predict the potential reactions of the drug
combination.

Some researchers have been observed to add more enti-
ties to the DDI network and construct a new knowledge
graph to reflect the new associations. Lin et al. utilized
drugs, targets, genes, transporters, and enzymes to build a
knowledge graph [133]. The drug feature vector of a drug-
drug pair was encoded by a 2-layer GNN model. Then the
output values were used to predict whether the drug-drug
pair has potential interactions.

In many methods, two drugs in a DDI are treated sepa-
rately. Song et al. implemented a different idea to make the
prediction [45]. In‘their method, the drug-drug pairs were
treated -as instances.,The dug pair similarities have been cal-
culated based on the drug similarities as follows:

S((d,dy ). (dy.d,))

6]

—max(S(d,.d,)x(dy.d,),(d,,d,) x (d,,d,))

Where, S(i,j) is the similarity between two instances i and
Js and (dy,d,) is a drug-drug pair. An SVM model has been
proposed to make the subsequent prediction. A DDI’s fea-
ture is determined by its similarities with other DDIs. Like
the training strategy in other methods, 10-fold cross-
validation is applied to evaluate the SVM model. In the re-
sults, some DDIs with literature evidence have been predict-
ed, which are not listed in the referenced databases.

Cytochrome P450 enzymes are essential for the metabo-
lism of many medications [134], which are the main reasons
for many DDIs. A drug can be a substrate, inhibitor, or in-
ducer of CYP450, which may affect the metabolite of other
drugs. Hunta et al. predicted potential DDIs via their enzyme
actions [46]. Different from other features of drugs, the fea-
tures in Hunta’s study included enzymes and enzyme action
types. Machine learning algorithms, such as NN and SVM,
were trained and used to predict the potential DDI.

4.4. Drug-Target Association Predictions

A target is a molecule that has a proven association with
a particular disease [71]. It is usually a protein. In recent
years, many databases and tools have been constructed to
reveal interactions between diseases and genes or proteins,
which has helped researchers predict potential drugs through
drug-target interactions (DTI).

The decision tree, RF, and SVM are commonly used
classification algorithms in machine learning that many re-
searchers employ in drug repositioning. Wang et al. applied
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an RF approach to predict DTIs [29]. In their method, the
protein-ligand connection was described by four compo-
nents: protein sequence, binding pocket, ligand structure, and
intermolecular interaction. In general, the total number of
features is several thousands. A PCA procedure has been
employed to reduce the dimensionality of features before the
RF model. The number of final features became less than a
few hundred. After training, their method exhibited good
results in predicting DTIs.

Similar to the drug-disease heterogencous network, re-
searchers have constructed a drug-target network to predict
potential DTIs. The drug-drug similarities and, target-target
similarities are calculated from various features, and _the
known DTIs are downloaded from publicidatabases. Based
on the heterogeneous network and similarity matrices; Zeng
et al. generated feature vectors of drugs and targets separate-
ly [51]. A deep forest (DF) classifier has.been applied to
predict potential DTIs from the feature vectors.

Chu et al. utilized a cascade deep forest (CDF) model to
predict potential DTIs [135]. A few ‘'steps were utilized to
generate the features, which have been inputted into the
model. Six types of similarities have been used to construct
the drug-target heterogeneous networks. The networks then
have been merged by a network fusion method [128]. In
Chu’s work, they used the path nodes between the drug and
the target to form the input vector [127]. The path node has
been either a different drug or a different target, restricted to
be the five nearest neighbors of the initial drug and target. As
a result, the new form of input vector may be drug-drug-
target, drug-drug-drug-target, or four other forms. After be-
ing fed into the CDF model [136], as shown in Fig. (11), a
final prediction has been made from the output. In each layer
of CDF, the number of binary classifiers was found to be
varied.

Lin et al. utilized support vector regression (SVR) to
build a model to predict potential DTIs [137]. In their study,
the SVR has been applied to generate the binding strength of
drug-protein pairs. A protein similarity network has been
constructed, where the similarities were found to be based on

the binding strength. The)edge betweenness centrality has
been used to predict shared drugs between proteins, which
may constitute the potential DTIs.

Zong et al. utilized a DeepWalk method [36], which is a
deep model of random walk, to predict DTIs from a network
model [138]. The known DDAs, DDIs, and DTIs were
downloaded and used to construct a drug-target-disease net-
work. The similarity between two instances has been calcu-
lated by DeepWalk based on the known edges. After gener-
ating'the similarities, two approaches have been proposed to
predict potential DTIs, which are drug-based and target-
based similarity inferences [139].

Many researchers apply the drug-target heterogeneous
network to identify their feature vectors. The dimensionality
of each vector is the sum of drug features and disease fea-
tures. Manoochehri et al. proposed a different approach to
generate the feature vectors from the drug-target network
[12, 13]. For a drug-target pair, the sub-graph is constructed
based on their neighbors in the network and themselves,
which means that different interaction leads to the formation
of different sub-graphs. An adjacent matrix is identified
based on the sub-graph rather than the whole drug-target
network. Therefore, the feature vectors also have different
dimensionalities. After the features are fed into an NN mod-
el, a prediction is made. When training the model, the known
DTIs produce known sub-graphs for positive samples, and
the negative samples are not selected randomly but built un-
der certain principles [140]. After training, the proposed
method achieves higher performance than the baseline meth-
ods in terms of AUCROC and AUCPR.

Although the basic ML methods achieve satisfying pre-
diction performance, the DL methods work better in many
cases. Wen et al. proposed the first deep learning method
(DeepDTI) for predicting DTIs [52]. The drug substructure
fingerprints were identified as the drug feature vectors, and
the target protein sequences were target vectors. The
DeepDTI invovles a deep-belief network (DBN), which is
made by stacking restricted Boltzmann machines (RBMs). In
various measurements of predictions, the DeepDTI method



Machine Learning and Deep Learning Strategies in Drug Repositioning

achieves better performance than other ML methods, includ-
ing RF, decision tree, and naive Bayesian.

When applying a DNN model to predict DTIs from drugs
and target feature vectors, some basic ML and DL algo-
rithms are also utilized to generate satisfied feature vectors,
such as linear classification [141, 142], random walk with
restart (RWR) [37-40], autoencoder [19, 30, 41, 42, 50], etc.
Parvizi et al. utilized the random walk with restart (RWR)
algorithm and skip-gram neural network to generate the fea-
ture vectors of drugs and targets [40]. In their method, the
drug-target heterogeneous network was replaced by two
networks: drug-related network and protein-related network.
The drug-related network consists of DDIs and DDAs, while
the protein-related network contains protein-protein interac-
tions (PPIs) and protein-disease associations.

Peng et al. proposed a similar approach to constructing a
drug-related network and a protein-related network [61].
Besides the known interactions and associations, the drug-
drug similarities and protein-protein similarities were added
in the networks. After integration of the two feature vectors,
a deep autoencoder has been applied to produce the low di-
mensional features, which have been fed into a CNN model.
The prediction performances in terms of AUCROC and
AUCPR were increased by adding the similarities, which
resulted in higher prediction performance compared to other
ML methods.

CNN is a commonly used model for deep learning. It can
be applied to either make the prediction or produce satisfied
feature vectors of drugs and proteins. Hu et al. utilized a
CNN model to predict DTIs [14]. The drug chemical struc-
ture vectors from PaDEL-descriptor [143] ‘and>the target
amino acid physicochemical property vectors from AAindex
[144] have been proposed to identify the input matrix-of the
CNN method. The combination of drug vector.and target
vector was randomly selected, and the combinations of
known DTIs were treated as positive samples, while others
as negative samples. With the 10-fold eross-validation, the
prediction performances were found to be much better than
the state-of-the-art methods.

Monteiro et al. used CNN models to identify the feature
vectors and apply a DNN model to predict DTIs [15]. After
generating a drug SMILES vector and a target sequence vec-
tor from databases, two CNN models have been proposed to
process the two types of feature vectors and produce two
novel vectors. The two vectors were integrated and fed into a
fully connected DNN model. Finally, a prediction of DTI has
been made. Compared with the method without the CNN
pre-processing and the CNN-RF/SVM models, the CNN-
DNN architecture yielded improved results in the correct
classification of both positive and negative interactions.

Similarly, Oztiirk et al. [58] and Zhao et al. [59] applied
CNN and DNN models to generate the feature vectors and
predict potential DTIs. In Oztiirk’s method, the drug
SMILES features and protein sequence features were pro-
cessed by two CNNs separately. The two feature vectors of a
drug-target pair were generated, integrated, and fed into a
DNN model to make a prediction. In Zhao’s method, the

Current Bioinformatics, xxxx, Vol. xx, No. x 15

commonly utilized drug-target heterogeneous network was
transformed into a drug-target pair (DTP) network. Different
from the heterogeneous network, the nodes in the DTP net-
work were the drug-target pairs. The number of pairs in the
DTP network was nxm, with n being the number of drugs
and m the number of targets. A GCN model has been pro-
cessed to extract features from the adjacent matrix of the
network. The new features were fed into a DNN model, and
the prediction has been made.

Huang et al. proposed a deep learning library to predict
DTIs [16]. In their library, only the drug SMILES vectors
and protein amino acid sequence vectors were utilized.
Those two vectors were transformed into two new feature
vectors through utilizing 15 approaches, such as CNN and
RNN. Then the two feature vectors were integrated and fed
into a multi-layer perceptron to generate the prediction of the
drug-target pair.

Lee et al. proposed an integrated model to make the pre-
diction [17]. In their method, a convolution layer has been
applied to process the target sequences, and a fully connect-
ed layer was used to ‘process drug fingerprints. Then two
vectors were integrated and fed into a CNN model. They
compared their method with DeepDTI [52], which has been
discussed previously. The DeepConv-DTI achieved higher
accuracy and F1 score.

Similar to the DDA and DDI predictions, GNN is widely
used for predicting DTIs. Jiang et al. utilized a GNN model
to identify the feature vectors, and then an NN model has
been applied to predict DTIs [18]. The drug’s chemical
structure was proposed to construct a molecular graph. The
nodes were atoms, and the edges were bonds. The protein
amino acid graph, based on the protein contact map, was
produced by PconsC4 [145] based on the amino acid se-
quences. A new drug vector and target vector were identified
by the GNN model, and their integration was fed into an NN
model to make the prediction.

Lim et al. constructed a different graph based on the pro-
tein-ligand complex [146]. The structure information of pro-
tein and ligand atoms was embedded in two adjacent matri-
ces, A' and 4% 4" contained covalent interactions only, and
A* contained both covalent interactions and non-covalent
intermolecular interactions. Two node feature vectors were
generated from either A4' or 4>, By subtracting the two fea-
ture vectors, their difference was fed into a GNN, and the
prediction results have been generated.

In many studies, one drug vector is integrated with one
target vector. It is crucial to determine which type of target
feature is used to identify the integration. In Lee’s research,
three types of targets have been proposed to have close rela-
tionships with protein functions or drug mechanism of ac-
tions (MoAs) [60]. One drug vector, based on differentially
expressed genes from the LINCS database [147], was inte-
grated with all three target vectors, including gene knock-
down expression profiles (GEPs) from the LINCS database,
protein-protein interaction (PPI) network from String data-
base [148], and pathway memberships from MSigDB [149].
After integration, the new vector was fed into a DNN model.
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The concatenation of three types of target vectors exhibited
better performance in terms of AORUC than any single type.

Agyeman et al. proposed integrated views predictive
GAN (IVPGAN) to predict potential DTIs [107]. The model
contains two main parts, generator and discriminator. The
input data of the generator is the integrated vector of drug
graph representation, drug SMILES string, and target se-
quence. The output of the generator, which reflects the bind-
ing strength, is combined with the ground truth and fed into
the discriminator. Like other DL methods, the authors uti-
lized a 5-fold CV to evaluate the IVPGAN model, and the
prediction performance was found to be higher than the par-
ametric models in most of the datasets.

In the previous studies, many methods have been used to
integrate the feature vectors of drugs and targets directly, but
have failed to learn the low-dimensional features. Autoen-
coder is an excellent unsupervised approach to reduce di-
mensionality with excellence. Wang et al. applied a stacked
autoencoder to identify protein features from sequence in-
formation [30]. An RF classifier has been utilized after the
integration of protein feature vectors and drug structure vec-
tors. Sun et al. proposed a convolutional autoencoder and
GAN-based method to predict DTIs [41]. After constructing
a drug-target heterogeneous network, the adjacent matrix has
been fed into a convolutional autoencoder, and a novel fea-
ture matrix with lower dimensionality has been generated..lt
was assumed that the new feature vector of a drug or target
would obey the Gaussian distribution. After the discrimina-
tor step, a prediction of DTI has been made. In the-evalua-
tion, the proposed method achieved better performance than
some DTI prediction methods, including DTINet by Luo et
al. [37], Lee’s method [38], and DTIGBDT ‘proposed” by
Xuan et al. [39]. The RWR algorithm:has:been applied to
capture topological information in the networks: ofthese
models.

Torng et al. applied a graph autoencoder (GAE) to ex-
tract a representation of protein pocket features [19]. Before
the final classifier, a fully connected layer was added, taking
the joint vector of protein and drug as input and producing a
low-dimensional hidden layertas output. In evaluation, the
proposed method outperformed several structure-based and
ligand-based methods in AUCROC scores.

Wang et al. utilized a multi-modal deep autoencoder
(MDA) to produce protein and drug feature vectors based on
several similarities [42]. Each type of similarity involved a
corresponding network. In each network, the RWR method
and PPMI were applied to calculate the topological similarity
of drugs and proteins. Then the global structure information
has been generated. Two MDAs were applied to integrate
multiple similarity measures of drugs and targets and learn
their low-dimensional feature matrices. The two features of a
drug and a target were merged and fed into a DNN to make a
prediction.

Since last year, COVID-19 has spread havoc all over the
world. Many researchers have focused on either vaccines or
medications to help stop the pandemic. With the develop-
ment of SARS-CoV-2's core proteins, Beck ef al. used natu-

Wang et al.

ral language processing (NLP) to identify potential DTIs
[150]. In NLP, the molecule sequence is analogous to a lan-
guage. More than 1 million drugs are used to train the mod-
els, and several antiviral drugs have been proposed that have
potential  interactions with SARS-CoV-2  proteins.
Remdesivir, which has been reported to be an effective med-
ication for COVID-19 in vitro [151], is among the prediction
results.

5. DISCUSSION

In the former sections, we have reviewed some latest
studies employing basic ML and DL to predict novel drugs.
Various methods have been used to predict the potential
DDAs, DDIs, and DTIs. Those predictions help to find novel
treatments for existing drugs. In some cases, researchers
have also identified some potential drugs for specific diseas-
es by using the proposed methods. However, there are still
some limitations.

A general issue is related to the feature types in data-
bases. As shown in Table 1, there are a large number of da-
tabases,that store the'drug-, disease- and target-centric in-
formation. Some ‘databases may focus on a single feature
type for each/category (drug, disease, or target), while others
may be comprehensive. The credibility of different drug fea-
tures makesrsa big difference. A similar statement can be
made for disease features and target features. In many stud-
ies, only one feature type for each category is applied. Alt-
hough the drug chemical structure, disease phenotype, and
protein amino acid sequence are widely used, other types
should not be ignored. In previous studies [35, 49, 51], the
feature vectors have been identified from multiple feature
types. However, it is still important to select several reliable
feature types. In a study [60], Lee et al. proposed three types
of target features closely related to DTIs. The selection of
different feature types is now attracting attention.

When using multiple feature types, a second issue is how
to effectively integrate them together. Researchers use many
different strategies to perform the integration. In studies
conducted earlier [29, 32], the multiple feature vectors for
the same category (drug, disease, or target) were concatenat-
ed directly, without any additional processing. The ML mod-
els were then constructed based on the integrated data. In
other studies [10, 22, 135], several approaches were used to
integrate the feature vectors or similarities, such as the aver-
age similarity of multiple types. In a research work carried
out previously [35], the authors constructed 29 models based
on the multiple feature types, and then the results were
merged together to identify the prediction. Although all of
the different strategies generate satisfied predictions, further
ensemble methods need to be proposed.

A third issue which needs to be improved is the identifi-
cation of negative samples. A large number of applications
use basic ML and DL models to classify DDAs (or DDIs,
DTIs). In many studies, the negative samples have been ran-
domly selected from the unknown associations. To improve
the accuracy of samples, a few strategies have been proposed
to identify reliable negative samples (RNS). In a research
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work [152], the authors first used the known and unknown
associations to construct a classifier, then they employed this
classifier to classify the unknown associations. The authors
classified negative samples and identified them as RNS. In a
few studies conducted earlier [44, 125, 153], KNN, RWR,
and SVM were applied to extract RNS. Besides calculating
distances and similarities, more reliable strategies are need-
ed.

The fourth issue is related to the use of ML and DL
methods. These methods are just like black boxes, which
make the models lack interpretability. Compared with DL
models, some basic ML models are more interpretable, such
as decision tree and logistic regression. Meanwhile, com-
pared to basic ML models, DL models achieve better per-
formance in predicting potential DDAs, DDIs, and DTIs.
Therefore, more interpretable ML and DL models are essen-
tial in many application domains, especially in human
healthcare-related fields [154], where drug repositioning is
applied. To achieve this goal, the improvements of basic ML
and DL models with interpretability are necessary.

CONCLUSION

In this study, we have reviewed some latest studies pre-
dicting novel treatments for existing drugs. The widely used
databases and pre-processing steps have been introduced.
The six data types in those databases, including drug fea-
tures, disease features, target features, DDAs, DDIs, and
DTIs, have been taken into consideration. We have then dis-
cussed commonly used basic ML and DL methods, and their
applications to the predictions of DDAs, DDIs, and:DTIs. To
address the limitations of existing methods, ‘we.suggest.fu-
ture works to be directed towards featutes, samples, ‘and
methods, which could benefit the research community in
drug repositioning.
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