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Abstract Discovering new drugs is a complicated, time-
consuming, costly, risky and failure-prone process. However,
about 80% of the drugs that have been approved so far are
targeted at protein targets, and 99% of them only target specific
proteins. This means that there are still a large number of
protein targets that are considered “useless”. By exploring
miRNA as a potential therapeutic target, we can expand the
range of target selection and improve the efficiency of drug
development. Therefore, it is of great significance to search for
potential miRNA-drug interactions (MDIs) through reasonable
computational methods. In this paper, a dual-channel network
model, MDIDCN, based on Temporal Convolutional Network
(TCN) and Bi-directional Long Short-Term Memory
(BiLSTM), was proposed to predict MDIs. Specifically, we
first used a known bipartite network to represent the interaction
between miRNAs and drugs, and the graph embedding
technique of BiNE was applied to learn the topological features
of both. Secondly, we used TCN to learn the MACCS
fingerprints of drugs, BILSTM to learn the k-mer of miRNA,
and concatenated the topological and structural features of the
two together as their fusion features. Finally, the fusion features
of miRNA and drug underwent max-pooling, and they were
input into the Softmax layer to obtain the predicted scores of
both, so as to obtain the potential miRNA-drug interaction
pairs. In this paper, the prediction performance of the model
was evaluated on three different datasets by using 5-fold cross-
validation, and the average AUC were 0.9567, 0.9365, and
0.8975, respectively. In addition, case studies on the drugs
Gemcitabine and hsa-miR-155-5p were also conducted in this
paper, and the results showed that the model had high accuracy
and reliability. In conclusion, the MDIDCN model can
accurately and efficiently predict MDIs, which has important
implications for drug development.
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1 Introduction

Discovering new drugs is a complicated, time-consuming,
costly, risky and failure-prone process. For a long time, the
pharmaceutical industry has focused on proteins when it
comes to developing therapeutic targets, which involves
significant time and resources devoted to exploring the drug
response of proteins. However, about 80% of the drugs that
have been approved so far are targeted at protein targets, and
99% of them only target specific proteins. This means there
are still a large number of protein targets that are considered
‘useless’ [1]. To solve this problem, some researchers have
turned their attention to other biomolecular entities, such as
microRNAs (miRNAs). By exploring miRNA as a potential
therapeutic target, we can expand the range of target selection
and improve the efficiency of drug development. miRNA is a
kind of small molecule RNA, which plays an important role in
gene regulation and disease development. Therefore, shifting
the focus of research from traditional proteins to non-protein
targets such as miRNA is expected to bring new opportunities
and breakthroughs to the pharmaceutical industry. miRNA is
an endogenous non-coding RNA with a length of about 20
nucleotides, which is found in humans, plants, animals and
viruses and is involved in many basic functions of organism
growth and development [2]. miRNAs are regulators of
multiple cellular pathways [3], and they perform their
functions by binding to complementary sequences of mRNA
molecules. In recent years, many experiments have shown that
miRNAs play an important role as biomarkers and therapeutic
targets for chronic diseases [4,5]. The unique secondary
structure and conserved sequence of miRNAs also make them
suitable as drug targets [6]. As the experimental methods to
find the relationship between drugs and miRNAs are
expensive, time-consuming and labor-intensive, and have a
high failure rate, it is urgent to find scientific and reasonable
calculation methods to identify the relationship between new
drugs and miRNAs [7].

In bioinformatics, several predictive methods have been
proposed to infer potential interactions between miRNAs and
drugs. Wang et al. [8] designed a drug-miRNA associations
(DMAs) prediction model called RFDMA. The model
combined the similarity between miRNAs and drugs, and used
random forest algorithm to predict DMAs. In addition, Zhao
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et al. [9] proposed a model called SNMFDMA, which used a
different approach to predict the associations between drugs
and miRNAs. The model did not directly use the similar
matrix of drugs and miRNAs, but generated a new similar
matrix by symmetric non-negative matrix decomposition of
the similar matrix. The Kronecker product of the new
similarity matrix was then used as the similarity between the
drugs and miRNAs, and finally regularized least squares
method is used to predict the interaction between them. This
approach differs from traditional predictive models and can
more accurately predict potential links between drugs and
miRNAs. Qu et al. [10] proposed a method that used
functional similarities of miRNAs and multiple similarity
measures of small molecules (SMs) to predict interactions
between SMs and miRNAs. Their method wused a
heterogeneous network to calculate the correlation of SMs and
miRNAs in the resultant network. This combined use of
different types of biosignatures allows for more accurate
predictions of potential interactions between SMs and
miRNAs. Wang et al. [11] proposed a novel computational
method called DCMF to predict potential SM-miRNA
associations. The DCMF model was constructed by combining
the network information of SM and miRNA to predict the
potential SM-miRNA associations. Zhang et al. [12] proposed
SGNNMD, a signed graph neural network for predicting
deregulation types of miRNA-disease associations, which
leveraged the structural information learned from subgraphs
around miRNA-disease pairs as well as the biological
information of miRNAs and diseases. Wang et al. [13]
employed stacked autoencoder computational model called
SAEMDA for potential miRNA-disease associations
prediction. Zheng et al. [14] proposed NASMDR, a
framework for predicting miRNA-drug resistance through
efficient neural architecture search and graph isomorphism
networks. They also propose a new sequence characterization
method, k-mer Sparse non-negative matrix decomposition
(KSNMF). Ma et al. [15] used SFGAE model to predict
miRNA-disease associations, which employed a graph
encoder with an attention mechanism to concatenate
aggregated feature embeddings and self-feature embeddings,
and a bilinear decoder to predict associations. Wang et al. [16]
proposed TSPN to predict potential SM—miRNA associations
by minimizing the non-convex truncated Schatten p-norm.

Neural networks have been widely used in the field of
bioinformatics, and have been used to predict RBP binding
sites on circRNAs [17-19], drug-drug interactions [20],
molecular toxicity [21], and metabolite-disease associations
[22]. Therefore, in this paper, the variant TCN of neural
network was applied to extract the fingerprint features of
drugs, and the k-mer of miRNA was extracted by BiLSTM,
which enabled us to extract key features of drugs and
miRNAs, and further helped us to predict MDIs.

In this work, we presented a new computational method
called MDIDCN that utilized drug SMILES sequences,
miRNA nucleotide sequences, and miRNA-drug interaction
networks to predict miRNA-drug interactions. First, a binary
network was established to represent the interaction between
the drug and miRNA, and vectors were used to represent the

chemical substructure of the drug and the sequence of miRNA
after obtaining the two. The structural features of the drug
were represented by MACCS fingerprints, and the structural
features of miRNA were represented by k-mers [23,24].
Second, since graph embedding methods are commonly used
to reveal complex features of each entity [25,26]. Therefore, a
graph embedding technique called BiNE [27] was applied to
the bipartite graph to learn topological features of drug and
miRNA nodes in the graph. We constructed the known MDIs
into a bipartite graph, taking miRNAs and drugs as the nodes
of the graph, and used the BiNE graph embedding method to
obtain the topological features of drugs and miRNAs. Then,
we used TCN [28], a temporal modeling method based on
convolutional neural network (CNN) proposed by Bai et al., to
learn the potential embedding vectors of drug fingerprints.
BiLSTM [29] was used to learn potential embedding vectors
for miRNA structural features. And the learned structural
features and topological features were spliced together as the
fusion features of drugs and miRNAs. Finally, we fed fusion
features into the Softmax layer to obtain miRNA-drug
interaction scores, thereby inferring potential MDI pairs.
Experiments showed that MDIDCN had stability and
reliability.
Overall, our contributions are summarized as follows:

(1) We propose a dual-channel miRNA-drug interactions
prediction model, MDIDCN.

(2) We used BILSTM to learn the k-mer feature of
miRNA, which allows the model to better acquire the
interaction and dependence relationship between
different positions in the sequence. We also used
TCN to learn fingerprint feature of drugs, which
enabled it to better characterize the structure of drug
molecules.

(3) We connected sequence features and topological
features respectively to represent the fusion features
of drugs and miRNAs, and further improving the
understanding and prediction ability of MDIs.

2 Materials and methods
2.1 Dataset
Guan et al. [30] used five datasets. In reference to their work,
we selected three datasets from their studies, namely, the
database for non-coding RNAs involved in drug resistance
(ncDR) [31], the RNA interaction dataset (RNAlnter) [32],
and the database of validated small molecules’ effects on
miRNA expression (SM2miR3) [33]. There are many datasets
on MDIs. Guan et al. only collected miRNA-drug interaction
pairs of Homo sapiens in the above three databases, and then
pre-treated them with de-redundancy and de-duplication, and
took known MDI pairs as positive samples. An equal number
of unproven MDI pairs were randomly selected as negative
samples. The details of the three databases are shown in
Table 1. The sparse ratio is defined as the ratio of known
correlations to all possible correlations.

miRNA sequences and drug SMILES were collected from
MiRBase [34] and Pubchem [35]. The SMILES [36] string of
drugs is a normalized representation that explicitly describes
the molecular structure in the form of an ASCII string. It uses
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Table 1 The statistics of miRNAs, drugs, and miRNA-drug interactions in
three datasets

Dataset Drug miRNA Interaction Sparsity
ncDR 95 624 4457 0.0752
RNAInter 281 1009 5739 0.0202
SM2miR3 142 645 1940 0.0212

a series of characters and symbols to express the atomic, bond,
and stereochemical information in a molecule.

2.2 Workflow

In order to predict unknown MDIs, we proposed a model
named MDIDCN, which mainly consists of three steps:
feature extraction, feature fusion and prediction.

As shown in Fig. 1, we extract the fusion features of drugs
and miRNAs via dual-channel network. Firstly, TCN and
BiLSTM are used to extract the structural features of drugs
and miRNAs respectively, while BiNE method is used to
extract the topological features of drugs and miRNAs.
Secondly, the structural and topological features of drugs are
linked together as the fusion features of drugs, the structural
and topological features of miRNAs are linked together as the
fusion features of miRNAs. Finally, the fusion features of the
two are dimensionalized through the max-pooling layer
respectively to retain the most significant feature information,
which was then converted into the probability distribution of
interaction scores by the Softmax function to obtain the final
miRNA-drug interaction scores.
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2.3 Represented drug by MACCS fingerprints

In earlier studies, scholars developed a variety of features to
describe the chemical structure of drug compounds, including
geometric structure, topological structure, and quantum
chemical properties [37]. Typically, people use fingerprints
based on substructural keys as descriptors to represent
chemical structures. Substructural fingerprinting is a method
of encoding a molecular structure as a fixed length bit string
without involving three-dimensional structural information.
Here, we use molecular substructural fingerprints to describe
drugs. Molecular substructural fingerprints encode chemical
structures directly into a binary vector that can indicate the
presence or absence of a specific substructure in a drug.
Figure 2 shows an example of MACCS fingerprints for the
drug Arsenolite. Specifically, we create a dictionary that
contains a list of substructure features represented in SMART
form. SMART is a system that utilizes SMILES extension
rules to identify substructures. After the first step of creating
the dictionary, we compare each entry in the dictionary to a
given molecular substructure. If the dictionary contains a
molecular substructure, the corresponding fingerprint bit is set
to 1, otherwise it is set to 0. Finally, we characterize the drug
with a vector of 166 Boolean values.

2.4 Extract structural features of drugs
TCN is specifically designed to process data with a time series
structure, and it performs well in a variety of time series
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The flowchart of the proposed model MDIDCN
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Fig. 2 A dilated Non-Causal Convolutions of TCN is constructed for the structural features of drugs.(kernel size=3, dilations=[1, 2, 4, 8])

modeling tasks, such as speech recognition, natural language
processing, action recognition, time series prediction, and
more. The core idea of TCN is to apply convolution
operations to timing data to capture long-range dependencies
in timing through local awareness and parameter sharing.
Different from RNN, TCN has no requirement on the
sequence length of input and output, and can handle variable-
length and fixed-length time series data. TCN can also process
the entire time series data in parallel, overcoming the
limitation that RNN is prone to gradient disappearance or
gradient explosion when the sequence is longer. The MACCS
fingerprint of a drug can be viewed as a binary sequence in
which each bit indicates the presence or absence of a
particular structural or functional group. In the MACCS
fingerprint of a drug, there may be a certain correlation
between adjacent bits. The convolution operation of TCN can
effectively capture this local correlation. So we use dilated
Non-Causal Convolutions of TCN to extract fingerprint
features of drugs.

As shown in Fig. 2, this long-range dependence is captured
by setting up different dilatation factors to more fully
represent the molecular structural features of the drug. At any
time step, the operation of non-causal dilative convolution
involves the previous step, the current step, and the next step.
Specifically, it processes data from the current step by
considering information from both the previous step and the
next step. During convolution, the features of the current step
are mixed with those of the previous and subsequent steps,
taking full advantage of temporal dependencies. This
operation mode enables the model to obtain more
comprehensive context information, and improves the ability
to understand and represent the time series information of
drug molecules:

A D)
D, = fwODD L wdph L wOpTDyp) (1)

where Z)\gl) denotes the result of the dilated non-causal

convolution at time ¢. The activations in the /th layer are given
by D € RF»*T  Note that each layer has an equal number of
filters F,, = 64 with the kernel size of 10. Each layer consists
of a set of dilated convolutions with the rate parameter d and
non-linearity function f. The filters are parameterized by
W= (WD, WD wdy with WO e RFw*Fv and the bias vector
beRf. To avoid vanishing or exploding gradients, we
further use residual connections to facilitate gradients flow,
and D? is converted as follows:
!

DY =pV 4 Vﬁj ) e, )
where V € RFw*Fw and e € R™v are a set of weights and biases
for the residual connection, respectively. As the receptive field
can increase with the dilated convolutions, it contributes to
exhibiting substantially longer memory and prevents the
model from overfitting without drastically increasing the
number of parameters in the sequence modeling [28]. The
receptive field at each layer is calculated as below:

Rfieia = 1+ (Kjize = 1)- 2' = 1), ©)
where [ represents a vector containing the dilations and Kj;ze
is the length of filter.

2.5 Represented miRNA structural features by k-mer

k-mer is a feature representation method for sequence
fragments, which is widely used in bioinformatics. In this
paper, 3-mer (substring of length 3) is used to represent the
structural feature of miRNA. The miRNA sequence was
divided into substrings of length 3, that is, three consecutive
nucleotides were extracted as a 3-mer. The 3-mer principle is
shown at the bottom of Fig. 1. For example, if the miRNA
sequence is “CCAGCUCG ...CACU”, the following 3-mer
fragments can be obtained: “CCA”, “CAG”, “AGC”, ...,
“ACU”. Since miRNA sequences are composed of four bases
(A, G, C, U), there are 64 (4°) distinct 3-mer patterns in a
single sequence. These 3-mer patterns can be sequentially
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extracted from the first nucleotide of miRNA by sliding
window. For each 3-mer mode, its normalized frequency in
the miRNA sequence can be calculated. Normalized frequency
refers to the number of occurrences of a 3-mer in the miRNA
sequence divided by the total length of the miRNA sequence,
and is used to represent the relative importance of the 3-mer in
the miRNA sequence. Finally, based on the 3-mer
representation, a miRNA feature vector of length 43=64 can
be obtained, where each position represents different 3-mer
patterns, and its normalized frequency reflects the information
of the miRNA sequence.

2.6  Extract miRNA structural features

BiLSTM is a variant of RNN that is widely used in natural
language processing and sequence modeling tasks. Compared
to traditional one-way LSTM, BiLSTM is able to leverage
past and future context information to better capture long-term
dependencies in the sequence. There are complex long-term
dependencies among the nucleotides in miRNA sequences,
which are essential to accurately predict the function and
structure of miRNA. BiLSTM is able to process k-mer
sequences of miRNAs simultaneously in both forward and
reverse directions, enabling more accurate capture of local
features. As shown in Fig. 3, BiLSTM consists of two
independent LSTMS, one processing input sequence in
positive order and the other processing input sequence in
reverse order. These two LSTM networks are called forward
LSTM and backward LSTM respectively. When processing an
input sequence, the forward LSTM reads the input from left to
right, and the forward LSTM reads the input from right to left.
In this way, the output of each time step is concatenated by the
output of two LSTMS, that is, the output of the positive
sequence LSTM and the reverse sequence LSTM are
connected. The output representation of BILSTM connects the
output of forward and reverse LSTM, and this representation
contains contextual information about the past and future of .-
mer, so it has richer feature representation capabilities. For
each LSTM cell with time step ¢, do the following:

i = o(Wixy + Vil + b)), 4)

¢; = tanh(Wex; + Vehy_1 +be), Q)
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ft = O'(fot + tht—l + bf), (6)
¢t = ficro1 +ip gt’ (7

0y = o(Wox; + Vohi_1 +b,), (8)
hy = o, - tanh(c,), 9

where i, f;» o; respectively represent the three gating
mechanisms used in the LSTM at each time step: input gate,
forget gate, and output gate. These gating mechanisms help
determine whether to retain, update, and output memorized
information. W and V represent the weight of the input and
the output of the previous unit. b is the deviation term. o
represents the sigmoid function. ¢, represents a new value that
can be added to the storage unit. %, indicates the output. The -
operator represents the element-wise product.

2.7 Extract topological features by BINE
The challenge of predicting MDIs can be viewed as a link
prediction problem for heterogeneous graphs. In this study, a
heterogeneous graph G =(D,M,E) is constructed, which
contains two types of nodes: drug nodes D = {d|,d>,..,d;} (i is
the number of drugs in the dataset) and miRNA nodes
M ={my,my,...m;} ( j is the number of miRNAs in the
dataset). The edge set EC DXM indicates the known
interaction between the drug and the miRNA. Matrix
W = [wi j] represents the weight of the edge between drug d;
and miRNA m;. If there is an interaction between drug d; and
miRNA m;, w;; =1, otherwise 0. In this section, the graph
embedding method of BiNE was proposed by Gao et al.,
which is used to learn the low-dimensional representation
vectors of each node in order to preserve the topological
information of the graph and the sequences of the node. BINE
encodes each node in the graph and embeds the nodes into a
low-dimensional space, where each node is represented as a
dense embedding vector. The problem can be defined as:
e Input: A bipartite network G = (D,M,E) and its weight
matrix W.
e Output: A map function f:DUM — R", which maps
each vertex in G to a A-dimensional embedding vector, where
h < |d|U|m|.

In the embedded space, it is necessary to preserve both the

Input: k&-mer of a miRNA
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implicit relationship between nodes of the same type and the
explicit relationship between nodes of different types.
Therefore, this method constructs a joint optimization
framework composed of three objective functions, including
one explicit relation, two implicit relation, and variable
weights.

2.7.1 Explicit relational model
In order to represent the explicit relationships, we compute the
local adjacency among diverse nodes within a bipartite
network, utilizing the local adjacency method inspired by
LINE [38], and the joint probability between two connected
vertices u; and v; is defined as:

.. Wij
P(i, ) = S wi
tj

eijcE

(10)

where w;; is the weight of the edge e;; between vertices.

Inspired by the word2vec principle, BiNE uses inner
products to model the local similarity between two different
kinds of nodes in an embedded space [39], and uses the
sigmoid function to map the interaction values into the
probability space. The joint probability of two types of nodes
in the embedding space is defined as follows:

A 1
PG, j) = ST (11)
1 +exp(=d; mj)
- - h .
where d;€R" and ";j€R" are the embedding vectors of
drugs d; and miRNA m;, respectively.

KL-divergence is a measure of the difference between two
probability distributions, which can be used to measure the
difference between the empirical distribution and the
reconstructed distribution of the probability of coexistence
between vertices. By minimizing this difference, we can learn
more accurate embedding vectors. The first part in the joint
optimization framework is defined as follows:

A

minimizeO, = KL(PIP)= Y. P, j)log[P @ j)]. (12)
PG, j)

€ijeE

2.7.2  Implicit relational model

In a bipartite network, there are explicit relationships between
nodes of different types and implicit relationships between
nodes of the same type. For two vertices of the same type, if
there is a path between them, then there should be some
implicit ~ relationship  between them. Research on
recommendation systems shows that not only explicit but also
implicit relationships help to discover potential information in
heterogeneous graphs [40,41]. This implies that nodes of the
same type within a bipartite network do not have direct
connections, yet they still hold a wealth of valuable
information, which emphasizes the importance of modeling
implicit relationships between nodes of the same type. It is a
common method to transform the network into a vertex
sequence corpus by random walks on the network, which has
been adopted by some homogeneous network embedding
methods [42,43]. However, direct random walks on bipartite
networks may fail because random walks on bipartite

networks do not have a stationary distribution due to
periodicity problems [44]. To reveal the second proximity of
the heterogeneous graph, BiNE employs co-HITS [45] to
construct two weighted homogeneous networks: a drug-drug
network and a miRNA-miRNA network, and performs a
random walk on the two homogeneous networks to encode the
higher-order implicit relationships of the original network.
According to co-HITS, the correlation coefficient between two
nodes can be defined as:

M .
Wi = Zwikwjk,
keD

D _
Wi = Z WkiWkj,
keM

(13)
where w;; is the weight of the edge e;;. Therefore, we can use
the matrix WY = [wl[j] with dimension |U| X |U| and the matrix
wV = [wl‘;] with dimension |V|x|V| to represent the two
induced homogeneous networks, respectively. Let the matrix
G be a MDI bipartite matrix with dimension iX j, the drug-
drug network is denoted by a matrix GIGIT with dimension
i X1, and the miRNA-miRNA network is denoted by a matrix
GI'G; with dimension jx j.

In order to learn higher-order implicit relationships in
bipartite networks, Gao et al. used the truncated random walks
method to generate corpora on two homogeneous networks.
However, previous corpora generated using DeepWalk may
not fully capture the features of real-world networks. To solve
this problem, a new biased and self-adaptive random walk
generator is introduced to generate a higher fidelity corpus.
The generator can maintain the distribution features of vertices
in the bipartite network, so as to reflect the features of the real
network more accurately. Its core ideas are as follows:

First, the importance of each vertex is determined by the
number of random walks starting from it, and the importance
is measured in terms of centrality. The more centrality a vertex
has, the more likely it is to start a random walk from it. So
HITS [46] is used to measure the centrality of nodes in a
homogeneous network.

Second, we’re going to assign each step a probability that
stops the random walk. Unlike DeepWalk and other methods
that apply fixed lengths to random walks [47], this method
generates a sequence of vertices of variable length, which
better simulates sentences of variable length in natural
language. By allowing vertices of variable length, we are able
to better capture the complexity and diversity that exists in
real networks.

Through the above steps, we get two sequence corpora, and
the process of generating sequences follows the principle of
“richer get richer”. By considering this principle, we can better
simulate the connection between nodes in the real network.
This method can improve the quality of the generated corpus
and reflect the features and structure of the real network more
accurately by flexibly generating variable length vertex
sequence and considering the enrichment phenomenon of the
network.

Next, we used the Skip-gram model [48] to learn the node
embedding vector in the sequential corpus of drugs and
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miRNA respectively. If two nodes frequently appear together
in the context of the same sequence, we assign them similar
embedding vectors. In order to learn the implicit relation and
obtain the truncated random walk sample of the corpus, two
objective functions are defined to preserve the high order
similarity by maximizing the conditional probability. The
corpus objective function of Py, homogeneous network is
defined as follows:

maximizeO, = P(dl|d)),
diesu/\Pdrug thTs(di)

(14)

where T;(d;) represents the context of node d; in a sequence
Su.

Similarly, the corpus objective function of the miRNA
homogeneous network P,;rya can be obtained as follows:

[T [ pommp.

m;E€S uNPmirna m€T s(m )

(15)

maximizeO3z =

where T’ (m j) represents the context of node m; in a sequence
Su.

According to the existing neural embedding method
[38,42,43], we use the inner product kernel to parameterize
two conditional probabilities P(d;|d;) and P (m,|m;), and use
Softmax for output:

exp(m} )

M| =T 3>’
k=1 mj 191(

P(mylmj) = (16)

where |D| and |M| represent the number of drugs and
. . e d —>

miRNAs, respectively. 4, and ,represent the context vectors

of two types of nodes.

2.7.3  Joint optimization

To preserve both explicit and implicit relationships to learn
low-dimensional embedding vectors, we combine the three
component Egs. (12), (14), and (15) into a joint optimization
framework:

maximizeY = alog O, +Blog O3 —yOq, (17)
where parameters «, [ are hyper-parameters of implicit
relation, y is the hyper-parameters of explicit relation in the

joint optimization framework.

2.8 Prediction layer

In order to build a predictive model for miRNA-drug
interactions, we adopted a dual-channel approach that
combines structural and topological features. Specifically, we
concatenate the structural features of drugs with their
topological features as the fusion features of drugs, and the
structural features of miRNAs with their topological features
as the fusion features of miRNAs. Then we maximized the
pooling of these two fusion features respectively. Finally, the
features are input into the Softmax layer to obtain an
interaction score of miRNA-drug. Specifically, it is assumed
that the fusion feature of drug node d; is Fgyu,, and the fusion
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feature of miRNA node m; is Firya. Then the interaction
fraction between drug d; and miRNA m; is defined as
follows:

T
Scoreqm; = 0(F 4,0 ® Finirna)-

(18)
The Softmax layer maps the features to a probability
distribution that represents the degree of interaction between
the drug and the miRNA. This score can be used to assess the

strength of the possible interaction between the drug and the
miRNA.

3 Results

3.1 Evaluation metrics

In order to ensure the fairness and impartiality of the
experiment, we used 5-fold cross validation to evaluate the
model performance. Specifically, we split the dataset into five
parts, with each part in turn serving as the test set and the
remaining four parts serving as the training set. Finally, we
calculate the average of these five sets of prediction results as
an evaluation estimate of the model performance.

We choose some common classification indexes to evaluate
the model performance of MDIs, a binary classification
problem, including the area under the receiver operating
feature curve (AUC), AUPR, Accuracy (ACC), Precision,
Sensitivity, Specificity and F1-score. The relevant formulas as
follows:

TP+TN
ACC = , (19)
TP+FP+FN+TN
TP
Precision = ————, (20)
TP+FP
TP
Sensitivity = ————, 21
ensitivity FP+FN (21)
TN
i ficity = —————, 22
S pecificity TN FP (22)
Fl— score = 2% Precision * Recall (23)

Precision+ Recall’
where TP indicates that the sample that was actually positive
was correctly predicted to be positive; TN indicates that the
sample that was actually negative was correctly predicted to
be negative; FP indicates that a sample that was actually
negative was incorrectly predicted to be positive; FN indicates
that a sample that was actually positive was incorrectly
predicted to be negative. By using these evaluation indicators
to evaluate the performance of the model, we can get
comprehensive and accurate evaluation results.

3.2 Performance comparison of different datasets
In order to comprehensively, reliably and systematically
evaluate the predictive performance of the model, we
conducted experiments on three different datasets, ncDR,
RNAInter and SM2miR3, and listed each evaluation index in
Table 2 to illustrate the predictive performance of the model.
In order to visually demonstrate the predictive performance
of the model on each dataset, Figs. 4—6 show the ROC and PR
curves of the 5-fold cross-validation results on the three
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Table 2 Prediction performance of MDIDCN on three datasets

Fold AUC AUPR ACC Precision Sensitivity Specificity F1-score
ncDR 0.9567 0.9556 0.8891 0.8879  0.8957 0.8882  0.8898
RNAInter 0.9365 0.9348 0.8633 0.8621  0.8648 0.8618  0.8635
SM2miR3 0.8975 0.8881 0.8423 0.8312  0.8344 0.8260  0.8447

datasets respectively. By drawing the ROC curve and PR
curve, we can calculate the average AUC and AUPR of the

MDIDCN model on different datasets. Specifically, the
average AUC on the ncDR dataset is 0.9567 and the average
AUPR is 0.9556, the average AUC on the RNAInter dataset is
0.9365 and the average AUPR is 0.9348, and the average
AUC on the SM2miR3 dataset is 0.8975 and the average
AUPR is 0.8881.

Taken together, it can be concluded from these results that

1.0 { 1.0 =
P S
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= Mean (AUC:0.9567) — Mean (AUPR=O.9550) \\\
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Fig. 4 (a) ROC curve of ncDR dataset under 5-fold cross validation; (b) PR curve of ncDR dataset under 5-fold cross validation
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Fig. 6 (a) ROC curve of SM2miR3 dataset under 5-fold cross validation; (b) PR curve of SM2miR3 dataset under 5-fold cross validation
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the MDIDCN model exhibits smooth and efficient predictive
performance across datasets and has a high average AUC and
AUPR, demonstrating the potential of the model to predict
MDIs.

3.3 Feature extraction layer dimension analysis

In the feature extraction part, we used BiLSTM to extract
structural features of miRNAs and TCN to extract structural
features of drugs. However, in the process of feature
extraction, increasing the feature dimension will increase the
complexity of the model, and the difference in the dimension
will also lead to the difference in the prediction ability of the
model. To ensure good generalization of the MDIDCN model,
we tried different combinations of 32, 64, 128, 256, and 512
hidden layer units for BiLSTM and TCN, respectively. As
shown in Fig. 7, the darker the color of the grid in the figure,
the better the prediction performance of the model when the
dimensions of the corresponding two feature extraction
methods are used. We found that when BiLSTM_dimension =
64, TCN_dimension = 128, ncDR and SM2miR3 had the best
AUC, which are 0.9567 and 0.8975, respectively. When
BiLSTM_dimension = 64, TCN_dimension = 64, RNAInter
had the best AUC, which is 0.9365.

These results showed that choosing the right dimension for
extracting features is crucial. Too high a dimension will
increase the complexity of the model and may lead to
overfitting problems, while too low a dimension may not
adequately capture the feature information, affecting the
performance of the model. By optimizing the dimensions of

32 .o.ssss 0.9562

0.9564 | 0.9553  0.9567

0.9555  0.9561
0.9559 0.9565 0.

0.9559 0.9560 0.9563

0.9565

0.9560 0.9562

0.9560 09352 0.9365 0.9365

09353 0.9359 0.9364

0.9555 8
' <

0.9357 0.9351

32 64 128
TCN dimension

(b)
The dimension analysis of BILSTM and TCN: (a) on the ncDR dataset; (b) on the RNAlInter dataset; (c) on the SM2miR3 dataset

0.9550

BiLSTM dimension
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wv N
wn
N

0.9545

0.9558 0.9557
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Fig. 7
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BiLSTM and TCN, the MDIDCN model can better predict
miRNA-drug interactions, and has high generalization ability
and potential.

3.4 Ablation experiment

When constructing the representation vectors of miRNA and
drug, we considered both the structural features and
topological features. This section discussed the effects of three
presentation vectors on the predictive performance of the
model MDIDCN: using only structural features, using only
topological features, and using both structural and topological
features. The structural features provide clues about the
chemical structural similarities between miRNAs and drugs,
while the topological features take into account the higher-
order implicit and explicit transition relationships that exist
between miRNAs and drugs.

As shown in Fig. 8, we use AUC as the evaluation criteria.
On ecach dataset, AUC using both structural features and
topological features are the highest, those using only
topological features are the second, and those using only
structural features are the lowest. It can be seen that
topological features play a greater role in improving model
prediction performance. This is because topological features
can capture complex relationships between nodes, thus
providing richer similarity information. While structural
features may not be as good as topological features in terms of
model performance, their generation process is relatively
simple and only requires consideration of structural
information. Therefore, structural features have certain
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Fig. 8 The effect of different features on three datasets
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advantages in representing new samples, which provides
convenience for dealing with large-scale datasets. It can be
seen that the MDIDCN model can comprehensively and
accurately consider the chemical structure of miRNA and drug
and their interrelationships in the network by using both
structural and topological features, thus improving the
prediction performance.

3.5 Effect of dataset sparsity on performance

As can be seen from Table 1, the sparse rate of ncDR dataset
is 0.0752, that of RNAInter dataset is 0.0202, and that of
SM2miR3 dataset is 0.0212. In this section, we compare three
different miRNA-drug interaction networks and analyze the
effect of their sparsity on the predictive performance of the
model. The result is shown in Fig. 9.

As can be seen from Fig. 9, ncDR has the highest sparsity
rate, and all evaluation indicators are also the highest in the
three datasets, followed by RNAlnter and SM2miR3.
Although the sparse rates of RNAInter and SM2miR3 are
close, their evaluation indicators are not close. It can be
reasonably inferred from Fig. 9 that the sparsity of the dataset
will result in significantly lower metrics such as AUC, AUPR,
Pre, and Spec, but this does not mean that the model
performance is poor.

3.6 Comparison with Other Methods

This section compares the model MDIDCN with other
methods. There are five comparison methods, including
LDAMAN [49], which predicts potential IncRNA-disease
interactions from heterogeneous information network with
SDNE embedding model. Guan et al. proposed two methods,
one called BNEMDI [33] and the other called MFIDMA [50]
to predict MDIs. The BNEMDI method uses BiNE to extract
topological features, and then inputs topological and attribute
features of both drug and miRNA into a deep neural network
to search for potential miRNA-drug interactions. The
MFIDMA approach uses SDNE to extract topological
features, and then, similar to the BNEMDI approach, inputs
topological and attribute features of the drug and miRNA into
a convolutional neural network (CNN) and a deep neural

—— ncDR

— RNAInter

SM2miR3

F1-Score AUPR

Recall ACC

Spec Pre

Fig. 9 Prediction performance of datasets with different sparsity

network (DNN) to integrate the features and predict potential
target miRNAs of the drug. Wei et al. [S1] proposed a multi-
view contrast learning model named GCFMCL based on
graph-collaborative filtering. The GCFMCL model aggregated
neighborhood information through graph-cooperative filtering,
and wuses topological contrastive learning and feature
contrastive learning to reduce the impact of heterogeneous
node noise and interaction sparsity. Niu et al. [52] developed a
prediction model called GCNNMMA based on graph neural
networks (GNNs) and convolutional neural networks (CNNs),
and used this model to predict the associations between small
molecule drugs and miRNAs. All comparison methods used
the ncDR dataset, RNAlnter dataset and SM2miR3 dataset for
5-fold cross-validation, and the results were shown in
Tables 3—5.

As can be seen from Tables 3—5, our proposed model,
MDIDCN, had the best comprehensive performance and could
be used to predict potential MDIs. The invalidity of the last
three indicators of the GCNNMMA model in the RNAInter
and SM2miR3 datasets may be due to the fact that these two
datasets are too sparse.

3.7 Case study

To further evaluate the predictive power of the model
MDIDCN, we selected the drug Gemcitabine (PubChem
ID:60750) and miRNA hsa-miR-155-5p for case studies based
on the ncDR dataset. To investigate Gemcitabine-related
miRNA-drug interactions, we excluded Gemcitabine-related
miRNA-drug interaction information from the dataset and
trained predictive models using the remaining miRNA-drug

Table 3 Compared with other methods on ncDR dataset (N/A means not
available)

Method AUC AUPR ACC Precision Sensitivity Specificity
LDAMAN 0.9430 0.9419 0.8775 0.8841 0.8812 0.8847
BNEMDI 0.9541 0.9471 0.8899 0.8855 0.8955 0.8842
MFIDMA 0.9536 0.9519 0.8829 0.8873 0.8751 0.8858
GCNNMMA 09161 0.4108 0.9476 0.5396 0.9879 0.2467
GCFMCL 0.9083 0.9006 0.8163 0.7870 0.8673 0.7653
MDIDCN 0.9567 0.9556 0.8902 0.8879 0.8980 0.8882

Table 4 Compared with other methods on RNAInter dataset (N/A means
not available)

Method AUC AUPR ACC Precision Sensitivity Specificity
LDAMAN 0.9346 0.9004 0.8246 0.8465 0.8415 0.8563
BNEMDI 0.9348 0.9287 0.8624 0.8567 0.8632 0.8545
MFIDMA 0.9361 0.9346 0.8916 0.8586 0.8629 0.8616
GCNNMMA  0.7839 0.1791 09818 N/A N/A N/A
GCFMCL 0.8832 0.8943 0.8298 0.8039 0.8723 0.7872
MDIDCN 0.9365 0.9348 0.8633 0.8621 0.8648 0.8618

Table 5 Compared with other methods on SM2miR3 dataset (N/A means
not available)

Method AUC AUPR ACC Precision Sensitivity Specificity
LDAMAN 0.8912 0.8815 0.8174 0.8130 0.8146 0.8172
BNEMDI 0.8917 0.8686 0.8205 0.8130 0.8322 0.8088
MFIDMA 0.8919 0.8818 0.8411 0.8291 0.8168 0.8149
GCNNMMA  0.8326 0.1922 0.9773 N/A N/A N/A
GCFMCL 0.8407 0.8063 0.7553  0.7069 0.8125 0.7083
MDIDCN 0.8975 0.8881 0.8423 0.8312 0.8344 0.8260
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interaction data. We then used the MDIDCN model to screen
potential miRNAs that may interact with Gemcitabine.
According to our prediction results, eight of the top 10
predicted miRNAs were verified by PubMed literature, which
further confirmed that these miRNAs are likely to interact
with Gemcitabine. The list of specific predicted miRNAs is
shown in Table 6, and we also found some supporting
evidence. For example, the regulatory effect of hsa-miR-155-
Sp led to changes in the expression of WEEI gene, thus
affecting the resistance of bladder cancer cells to gemcitabine
[53]. hsa-miR-20a-5p regulates gemcitabine chemosensitivity
by targeting RRM?2 in pancreatic cancer cells and serves as a
predictor for gemcitabine-based chemotherapy [54]. hsa-miR-
17-5p/RRM2 regulated gemcitabine resistance in lung cancer
A549 cells [55]. hsa-miR-133b interacts with gemcitabine in
promoting tumor cell apoptosis, which helps to improve the
therapeutic effect [56].
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Table 6 The top 10 predicted miRNAs interacting with the Gemcitabine

Rank miRNA Drug PubChem ID Evidence
1 hsa-miR-155-5p  Gemcitabine 60750 34753061
2 hsa-miR-148a-3p  Gemcitabine 60750 unconfirmed
3 hsa-miR-17-5p Gemcitabine 60750 37115505
4 hsa-miR-29c-3p ~ Gemcitabine 60750 29807360
5 hsa-let-7a-5p Gemcitabine 60750 16762633
6 hsa-miR-20a-5p  Gemcitabine 60750 30777929
7 hsa-let-7d-5p Gemcitabine 60750 unconfirmed
8 hsa-miR-301a-3p  Gemcitabine 60750 28469793
9 hsa-miR-133b Gemcitabine 60750 19654003
10 hsa-miR-99a-5p  Gemcitabine 60750 35148461

In addition, we used the same method to conduct a case
study on miRNA hsa-miR-155-5p. As shown in Table 7,
seven of the top 10 predicted drugs were validated by PubMed
literature, and we found some evidence for them. For example,
Under specific drug conditions, hsa-miR-155-5p can enhance

Table 7 The top 10 predicted drugs interacting with the miRNA hsa-miR-155-5p

Rank Drug Drug structure PubChem ID miRNA Evidence
2
1 Gemcitabine g’ Z?:E‘ 60750 hsa-miR-155-5p 34753061
L h
H
H-N:
2 Platinum, diamminedichloro- 5702198 hsa-miR-155-5p unconfirmed
H.n:
H
-
g A
3 Doxorubicin 3°gg%°b{ : 31703 hsa-miR-155-5p 35728579
1Y
PP
“
H g H 0 .
H % 0
4 Eloxatine wN . " I 5310940 hsa-miR-155-5p 28928161
] o
A Ohn
»
-l :n“""% ®
5 Verapamil )5:% ‘f:g“ 2520 hsa-miR-155-5p unconfirmed
6 Docetaxel 148124 hsa-miR-155-5p 32323857
7 Cytarabine ?}X‘}“ 6253 hsa-miR-155-5p 26523117
L b
8 Genistein "ib}(mﬂ B b‘ 5280961 hsa-miR-155-5p 36326669
- 3 4 RIS
9 Uric Acid ‘; g . 1175 hsa-miR-155-5p 36291136
v v
’ 3
10 Losartan 3961 hsa-miR-155-5p unconfirmed
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the resistance of esophageal squamous cell cells to Docetaxel
[57]. hsa-miR-155-5p plays a certain role in Uric Acid, and it
is one of the miRNAs significantly down-regulated in Uric
Acid [58]. The case study results showed that MDIDCN
demonstrated a high degree of accuracy and reliability in
predicting MDIs.

4 Conclusion

We present a new computational method called MDIDCN for
predicting interactions between drugs and miRNAs. First,
MACCS fingerprints were used to represent the structural
features of drugs, and k-mer was used to represent the
structural features of miRNAs. MDIDCN then uses graph
embedding techniques (BiNE) to learn topological feature
representations of drugs and miRNAs on bipartitic graphs.
Secondly, the potential embedding vectors of drug fingerprints
are learned through TCN, and the potential embedding vectors
of miRNA nucleotide sequence are learned through BiLSTM.
Finally, the structural and topological features of the drug and
miRNA learned by the dual-channel are combined into their
respective fusion features and input into the CNN layer. After
passing through the max-pooling layer and Softmax layer,
miRNA-drug interaction scores were obtained.

To evaluate the performance of the MDIDCN model, we
performed a 5-fold cross-validation using three datasets. The
results show that the average AUC of our model on these three
datasets are 0.9567, 0.9365, and 0.8975, respectively. In
addition, we conducted case studies on the drug Gemcitabine
and miRNA hsa-miR-155-5p and compared our approach to
other existing methods. Taken together, our model can
accurately and robustly predict MDIs. In the future, we will
consider adding the side effect features of drugs and the
physicochemical properties of miRNAs to further improve the
predictive power of the model.
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