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Abstract—Since the discovery of the regulatory function of microRNA (miRNA), increased attention has focused on identifying the
relationship between miRNA and disease. It has been suggested that computational method are an efficient way to identify potential
disease-related miRNAs for further confirmation using biological experiments. In this paper, we first highlighted three limitations
commonly associated with previous computational methods. To resolve these limitations, we established disease similarity subnetwork
and miRNA similarity subnetwork by integrating multiple data sources, where the disease similarity is composed of disease semantic
similarity and disease functional similarity, and the miRNA similarity is calculated using the miRNA-target gene and miRNA-lncRNA
(long non-coding RNA) associations. Then, a heterogeneous network was constructed by connecting the disease similarity subnetwork
and the miRNA similarity subnetwork using the known miRNA-disease associations. We extended random walk with restart to predict
miRNA-disease associations in the heterogeneous network. The leave-one-out cross-validation achieved an average area under the
curve (AUC) of 0.8049 across 341 diseases and 476 miRNAs. For five-fold cross-validation, our method achieved an AUC from 0.7970

to 0.9249 for 15 human diseases. Case studies further demonstrated the feasibility of our method to discover potential miRNA-disease
associations. An online service for prediction is freely available at http://ifmda.aliapp.com.

Index Terms—miRNA-disease association prediction, similarity measurement, random walk with restart.
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1 INTRODUCTION

M ICRORNA (miRNA) is a small non-coding RNA
molecule (containing about 22 nucleotides). Since the

first miRNA, lin-4, was discovered by Lee et al. in 1993 [1],
many miRNAs have been discovered [2], [3], [4], [5], [6]
and miRBase [7] has now accumulated more than 28, 000
of them. However, the regulatory function of miRNAs was
not recognized until the early 2000s [8]. Since then, miR-
NA research has revealed multiple roles for miRNAs in
many biological processes [9], [10], [11], [12], [13], such as
proliferation, apoptosis and cell differentiation. Just as the
miRNA involves in the normal functioning of eukaryotic
cells, its dysregulation has been shown to be associated with
disease [14], [15], [16]. For example, an increasing number
of studies have indicated that many miRNAs are associated
with the development of various cancers [17], [18], [19],
[20], [21]. Identifying the relationship between miRNA and
disease has significant contribution to biomedical research.
The knowledge on disease-related miRNAs can promote
our understanding of disease pathogenesis at the molecular
level [22], [23], [24], and benefit the design of molecular
tools for disease diagnosis and treatment [25]. Moreover,
miRNA-based therapies are also under investigation [26],
[27]. Against this background, there is growing demand
to identify miRNA-disease associations, which has led to
intensive research activities in the biomedical field.
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Classical biological experiments have generally been
used to identify miRNA-disease associations. However, they
are very time-consuming and great expense. With an in-
creasing number of miRNAs having been discovered, there
are a large number of miRNA-disease interactions await-
ing identification. It is necessary to select miRNA-disease
interactions with the greatest potential for further biolog-
ical experiments to reduce the amount of resources used
for such biological experiments. To achieve this objective,
computational methods have been a focus of substantial
research efforts since the first computational method based
on hypergeometric distribution was proposed in 2010 [28].
Some methods based on biological networks have also been
developed for predicting miRNA-disease associations [29],
[30], [31], [32], [33], [34], [35], [36], [37]. Zou and Zeng
et al. reviewed different similarity computation strategies
and compared existing computational methods [38], [39].
Such methods exhibit various flaws and limitations, so it
is difficult for other researchers to compare and evaluate
their performance. Therefore, elaborate biological networks
must be constructed to successfully employ computational
methods to infer miRNA-disease associations.

This paper makes three innovative contributions. First,
we report three limitations commonly associated with pre-
vious computational methods, namely, the use of only a
single dataset, the inadequacy of disease semantic similarity,
and overestimation of the predictive accuracy, and make
some suggestions to guide further design of predictive
methods. Second, to resolve the problem caused by the
use of a single dataset, we average the disease semantic
similarity and disease functional similarity to obtain a more
comprehensive measure of the disease similarity. The data
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on the miRNA-related target gene and long non-coding
RNA (lncRNA) are also combined to improve the accuracy
of miRNA similarity. The two similarity subnetworks are
connected by experimentally verified miRNA-disease asso-
ciations, and then a heterogeneous network is constructed.
Third, we develop a random walk with restart (RWR) on the
heterogeneous network to infer potential miRNA-disease
associations. The area under the curve (AUC) of leave-one-
out cross-validation is 0.8049, which provides significant
improvement over the two methods RWRMDA [29] and
RLSMDA [34]. The AUC values of five-fold cross-validation
for 15 diseases range from 0.7970 to 0.9249. Our method is
also evaluated by applying it to diseases with no known re-
lated miRNAs and most of the top 30 candidates identified
in this way are confirmed by various databases.

2 OVERVIEW OF THREE LIMITATIONS COMMON-
LY ASSOCIATED WITH PREVIOUS COMPUTATIONAL
METHODS

Zou and Zeng et al. reviewed the different similarity com-
putation models and different predictive methods [38], [39].
They also identified some issues that impeded the improve-
ments in the performance of predictions, such as the prob-
lem of imbalanced and unlabeled data of machine learning
methods, and high false-positive and false-negative rates.
In this section, we further reveal three hidden limitations
commonly associated with previous methods of predict-
ing miRNA-disease associations. We also correspondingly
provide three suggestions on the design of new predictive
methods, which would act as a common framework to
improve their performance.

For better comparisons with existing computational
methods and improving future design of predictive method-
s, we summarize and discuss the limitations of the existing
methods as follows:

• Use of a single dataset: Zeng et al. [39] compared
predictive methods for disease-related miRNAs in
terms of the type of networks, and the type of
dataset, among other variables. Here, we present
a comprehensive analysis of the datasets that are
employed in some existing predictive methods. In
accordance with Wang et al. [40], the dataset MISIM
is obtained through experimentally verified miRNA-
disease associations and Medical Subject Headings
(MeSH) tree structures. Therefore, MISIM consists
of two datasets: MeSH and human miRNA-disease
database (HMDD). A comparison of the datasets
used in five reported studies is shown in Table 1.
It reveals that only limited biological data are em-
ployed in those computational methods.

Suggested rule 1. To provide higher predictive accuracy,
more biological datasets should be used.

• Inadequacy of disease semantic similarity: Disease
semantic similarity is widely used to measure the
miRNA similarity [40] and to predict miRNA-disease
associations [33], [34], [36]. The basic approach in-
volves calculating the disease semantic similarity
from MeSH, which gives a hierarchical link between

TABLE 1
Comprehensive comparison of datasets

Method Datasets

RWRMDA [29] MeSH, HMDD
NetCBI [32] MeSH, HMDD, MimMiner
RLSMDA [34] MeSH, HMDD

HDMP [33] MeSH, HMDD, MimMiner
(miRNA families and clusters)

MIDP & MIDPE [36] MeSH, HMDD

diseases. However, many zeros are present in the
disease semantic similarity matrix. To reflect this
problem, we randomly select 10 from among 341
different diseases as used in Sec. 3.3. For each disease,
we count the number of values of the semantic simi-
larity with the other 340 diseases that are above zero,
the results of which are listed in Table 2. The average
number of values of the semantic similarity above
zero for the 341 diseases is 86. As an extreme case,
only one disease is related with the disease schistoso-
miasis. This indicates that the semantic measurement
method identifies many diseases as not being related
to each other, despite many of them actually are
closely related. The number of disease-related genes
of two diseases are given in Table 3. The Alzheimer’s
disease and lung neoplasms are not related in terms
of MeSH’s hierarchical structure. However, Table 3
demonstrates that 309 genes are related to both of
these diseases [41], that is to say, the two diseases
can be caused by some shared genes. Therefore, there
are some similarities in the pathogenesis of these
two diseases [42]. This illustrates the unreliability of
using only disease semantic similarity.

TABLE 2
The number of values of the semantic similarity above zero

Disease name Numbers

Acute coronary syndrome 103
Brain injuries 56
Crohn disease 40
Heart failure 42
Hodgkin disease 156
Lung diseases 41
Lung diseases, interstitial 41
Nerve sheath neoplasms 172
Schistosomiasis 1
Wounds and injuries 5

Suggested rule 2. Disease semantic similarity should not be
the only component used for disease similarity; disease-
related genes can also be considered to measure the
disease similarity.

• Overestimation of the predictive accuracy: Cross-
validation has been widely used to measure the ac-
curacy of predictive methods. The receiver-operating
characteristic (ROC) curve was drawn and AUC was
calculated to evaluate the performance of predic-
tive methods. One or more experimentally verified
miRNA-disease associations are typically left out as
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TABLE 3
Illustration for inadequacy of disease semantic similarity

Disease name MeSH tree number Numbers of disease-related genes Numbers of shared genes

Alzheimer’s disease F03.087.400.100; C10.574.945.249; C10.228.140.380.100 1064
309lung neoplasms C08.381.540; C08.785.520; C04.588.894.797.520 1471

the test dataset in the cross-validation procedure.
However, we found that some existing computa-
tional methods do not correctly perform the cross-
validation. The MISIM [40] is used in NetCBI [32],
RWRMDA [29] and RLSMDA [34]. Our previous
analysis has shown that the dataset MISIM is gen-
erated using HMDD and MeSH. The similarity be-
tween two miRNAs depends markedly on the set
of known miRNA-disease associations. Therefore,
it is not appropriate to employ the dataset MIS-
IM directly in those methods. For example, assume
that two miRNA-disease associations 〈m1, d〉 and
〈m2, d〉 were used to measure the functional sim-
ilarity between m1 and m2. When leave-one-out
cross-validation was performed in RWRMDA, the
association 〈m1, d〉was treated as test data. However,
the functional similarity between m1 and m2 should
actually be measured again without considering the
association 〈m1, d〉, but the authors of RWRMDA did
not take this into account. Therefore, the validation
accuracy is overestimated by these methods. The
overestimation problem caused by incorrect valida-
tion procedure in the method of lncRNA-disease
association prediction was discussed in [43].

To illustrate this problem more clearly, we fur-
ther implement RWRMDA and RLSMDA based on
their corresponding datasets, and perform a revised
validation that recalculates the miRNA functional
similarity network when related miRNA-disease as-
sociations are removed. The results are shown in
Fig. 1. The solid line and the dashed line represent
the original and revised validation results, respec-
tively. RWRMDA and RLSMDA achieve relatively
poor AUC values 0.7265 and 0.6964, respectively.

The AUC values in the original literature on these
methods are approximately 0.1 higher than these
revised results.

Other methods for which the accuracy was over-
estimated are also emphasized here. For example,
the validity of the AUC value of 0.8066 obtained
for NetCBI [32] is also questionable as the miRNA-
disease association was not removed when obtaining
the miRNA functional similarity. Based on MISIM,
HDMP [33] improved the miRNA functional similar-
ity calculation method by incorporating information
on disease terms and phenotype similarity between
diseases, and by considering the miRNA family or
cluster simultaneously. MIDP and MIDPE [36] re-
calculated the miRNA functional similarity using
the latest released of the HMDD. These methods
appeared to perform relatively well. However, the
authors neglected to acknowledge that the miRNA-
disease associations are also not removed in their
corresponding miRNA functional similarity matrix.
Therefore, we assert that the predictive accuracy of
these methods has been overestimated.

Suggested rule 3. The miRNA similarity should not depend
only on the experimentally verified miRNA-disease as-
sociations in the procedure of predicting such associa-
tions.

3 CONSTRUCTION OF A HETEROGENEOUS NET-
WORK

In this section, we first propose a novel method to measure
the similarity between two diseases and then present a new
method to calculate miRNA similarity. Finally, we provide a
detailed description on how to construct of a heterogeneous
network.
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Fig. 1. Comparison between the original validation (solid line) and the revised validation (dashed line) in terms of ROC curve and AUC value based
on leave-one-out cross-validation: (a) RWRMDA; (b) RLSMDA.
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3.1 Disease similarity measurement

Disease similarity has been widely used in many fields, such
as predicting disease-related genes [44], inferring similarity
in the functions of miRNAs [40], identifying novel drug
indications [45], and predicting miRNA-disease associations
[33], [34], [33], [36]. Most methods of predicting miRNA-
disease associations only consider the disease semantic sim-
ilarity. As we argued in Suggested rule 2, disease semantic
similarity should not be the only component of disease
similarity.

Here, we incorporate the following two components
into the calculation of disease similarity: disease semantic
similarity based on MeSH and disease functional similarity
referring to the genes. The disease structure of a directed
acyclic graph (DAG) and disease-related genes are acquired
from the MeSH descriptor and DisGeNET [41], respectively.
Moreover, the probability of a functional linkage between
two genes is measured using HumanNet [46]. The details
are as follows:

• Disease semantic similarity: The disease semantic
similarity is calculated according to Wang et al. [40].
Its calculation is based on the MeSH’s hierarchical
structure, which can be visualized as a DAG. An
example of a DAG is shown in Fig. 2. Assuming that
disease t is an ancestor of disease d or t = d, we give
a recursive definition of the contribution of disease t
to disease d as follows:

Cd(t) =

{
1, if t = d,

max{0.5 · Cd(t
′) | t′ ∈ children of t}, if t 6= d.

Finally, the semantic similarity between two disease
d1 and d2 can be calculated by their shared ancestors,
which is define as:

SS(d1, d2) =

∑
t∈T(d1)∩T(d2)

(Cd1(t) + Cd2(t))∑
t∈T(d1)

Cd1
(t) +

∑
t∈T(d2)

Cd2
(t)
,

where T(d) is a disease set including d and all
ancestors of d.
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Fig. 2. The DAG of liver neoplasms.

• Disease functional similarity: The disease functional
similarity is calculated on the disease related genes
[47]. Gene function networks are widely used to infer
disease-gene associations [48]. HumanNet [46] is a
probabilistic functional gene network, in which each
interaction has an associated log-likelihood score

(LLS) that measures the probability of an interaction
between two genes. We normalized the associated
LLS as follows:

LLSN (gi, gj) =
LLS(gi, gj)− LLSmin

LLSmax − LLSmin
,

where gi and gj are two genes, LLS(gi, gj) rep-
resents LLS between the two genes, LLSN (gi, gj)
represents the normalized LLS, and LLSmax and
LLSmin are the maximum and minimum LLS in
HumanNet, respectively. The functional similarity
score between gene gi and gene gj is:

FSG(gi, gj) =


1, gi = gj ,

0, e(gi, gj) /∈ HumanNet,
LLSN (gi, gj), e(gi, gj) ∈ HumanNet,

where e(gi, gj) represents the interaction between
gi and gj . The functional similarity between two
diseases d1 and d2 can be defined as follows:

FS(d1, d2) =

∑
g∈G(d1)

FG(g,G(d2)) +
∑

g∈G(d2)

FG(g,G(d1))

| G(d1) | + | G(d2) |
,

where G(d1) and G(d2) represent the gene sets
related to diseases d1 and d2, respectively, | G |
is the cardinality of gene set G, and FG(g,G) =
maxgi∈G{FSG(g, gi)}.

Finally, the similarity between diseases d1 and d2 is calcu-
lated as follows:

DS(d1, d2) = ν · SS(d1, d2) + (1− ν) · FS(d1, d2),

where ν ∈ [0, 1] is the weight coefficient of disease semantic
similarity. If ν is 0.5, disease semantic similarity and disease
functional similarity are equally weighted. If ν is above 0.5,
disease semantic similarity is more important than disease
functional similarity. In our experiments, we treat the two
parts as being equally weighted, namely, ν = 0.5.

3.2 miRNA similarity measurement
It has been reported that miRNAs with similar functions
are often implicated in similar diseases [49]. The miRNA
similarity networks have been widely used to infer miRNA-
disease associations [32], [29], [33], [36]. As mentioned in
Sec. 2, the usage of MISIM is associated with two problems,
namely, the use of only a single dataset and the overesti-
mation of the accuracy of prediction. In line with Suggested
rule 3, we developed a novel method to quantify the as-
sociation between two miRNAs, and which is completely
independent of miRNA-disease associations. Instead, in our
method, the miRNA-target gene association, the miRNA-
lncRNA association and the lncRNA-disease association
are used to determine the miRNA similarity. These three
datasets are obtained from miRTarBase [50], starBase v2.0
[51] and LncRNADisease [52], respectively.

A flowchart of the miRNA similarity measurement is
shown in Fig. 3. The similarity between miRNAs m1 and
m2 is calculated as follows:

MS(m1,m2) = µ ·GS(m1,m2) + (1− µ) · LS(m1,m2),

where GS(m1,m2) and LS(m1,m2) represent the similar-
ity contribution refer to target genes and related lncRNAs,
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Fig. 3. The flowchart of miRNA similarity measurement.

respectively, and µ ∈ [0, 1] is the weight coefficient of the
similarity contribution. We give equal importance of the two
parts, that is, µ = 0.5.

The first part, GS(m1,m2), refers to genes functions,
which is similar to the procedure of disease functional
similarity measurement. Let G(m1) and G(m2) represent
the target gene sets of miRNAs m1 and m2, respectively.
The value of GS(m1,m2) is given as follows:

GS(m1,m2) =

∑
g∈G(m1)

FG(g,G(m2)) +
∑

g∈G(m2)

FG(g,G(m1))

| G(m1) | + | G(m2) |
.

For the other part, LS(m1,m2), the similarity of the
miRNA-associated lncRNA groups is considered. It has
been proven that some lncRNAs act as competing endoge-
nous RNAs in the regulation of gene expression [54]. The
functional interactions between miRNAs and lncRNAs [55]
drive us to measure the miRNA similarity based on miRNA-
lncRNA associations. Here, the lncRNA similarity should
be measured first. For two lncRNAs l1 and l2, the lncRNA
similarity is calculated by the following formula:

FLS(l1, l2) =

∑
d∈D(l1)

MD(d,D(l2)) +
∑

d∈D(l2)

MD(d,D(l1))

| D(l1) | + | D(l2) |
,

where D(l1) and D(l2) represent the disease sets relat-
ed to lncRNA l1 and l2, respectively, and MD(d,D) =
maxdi∈D{DS(d, di)}. Subsequently, all of the known lncR-
NAs associated with miRNAs m1 and m2 are obtained,

which are denoted by L(m1) and L(m2), and we formulate
LS(m1,m2) as follows:

LS(m1,m2) =

∑
l∈L(m1)

FL(l,L(m2)) +
∑

l∈L(m2)

FL(l,L(m1))

| L(m1) | + | L(m2) |
,

where FL(l,L) = maxli∈L{FLS(l, li)}.

3.3 Heterogeneous network

We connect the above two subnetworks, the disease sim-
ilarity network and miRNA similarity network, using an
experimentally verified miRNA-disease interaction network
into a heterogeneous network of miRNAs and diseases. The
experimentally verified associations between miRNAs and
diseases are downloaded from the HMDD v2.0 [53]. We first
filter out those miRNA-disease associations that are invalid
because of an incorrect disease name or miRNA name, and
then combine the different miRNA transcripts that produce
the same mature miRNA into a single entity, as in previous
work [40], [33], [36]. The correct disease name and miRNA
name are obtained from the National Library of Medicine
and the miRBase database [7], respectively. Finally, there are
5, 298 associations among 476 miRNAs and 341 diseases
can be established in the heterogeneous network. We list
the datasets used to construct the heterogeneous network in
Table 4.

TABLE 4
The details of datasets used in the heterogeneous network

Name Website Reference Description

HMDD http://www.cuilab.cn/hmdd [53] human miRNA-disease database
MeSH http://www.ncbi.nlm.nih.gov/mesh Medical Subject Headings
DisGeNET http://www.disgenet.org/ [41] a database of gene-disease associations
miRTarBase http://mirtarbase.mbc.nctu.edu.tw/ [50] experimentally validated microRNA-target gene interactions
starBase v2.0 http://starbase.sysu.edu.cn/mirLncRNA.php [51] miRNA-lncRNA interactions
LncRNADisease http://www.cuilab.cn/lncrnadisease [52] the experimentally supported lncRNA-disease association
HumanNet http://www.functionalnet.org/humannet/ [46] a probabilistic functional gene network
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Suppose that D = {D(i, j)}n,ni=1,j=1 is an adjacency ma-
trix of the disease similarity network, M = {M(i, j)}m,m

i=1,j=1

is an adjacency matrix of the miRNA similarity network
and B = {B(i, j)}n,mi=1,j=1 is the miRNA-disease interaction
network, where n and m represent the numbers of disease
and miRNA entities, respectively. A simple example of the
heterogeneous network is provided in Fig. 4. The adjacency
matrix of the heterogeneous network can be represented as
follows:

H =

[
D B
BT M

]
,

where BT represents the transpose of matrix B.

d4

d3

d2 d5

d1

m6

m5m4

m1
m2

m3

miRNA disease

Fig. 4. Illustration of the heterogeneous network. The upper subnet-
work is miRNA similarity network, and the lower subnetwork is disease
similarity network. The two subnetworks are bridged by known miRNA-
disease associations.

4 RANDOM WALK WITH RESTART ON A HETERO-
GENEOUS NETWORK

The RWR provides an outstanding framework to evaluate
the relevance score between two nodes in a weighted graph,
and it has been successfully used in numerous contexts,
such as for predicting disease-associated miRNAs [29], [36]
and prioritizing candidate disease genes [56]. RWR has been
extended to heterogeneous networks for predicting drug-
target interaction predictions [57], [58], identifying disease
genes [59], [60], and prioritizing disease-related lncRNAs
[61]. We implement the RWR on a heterogeneous network
of miRNAs and diseases to infer potential miRNA-disease
associations.

When a random walker walks in a heterogeneous net-
work H, the transition matrix should be decided. The tran-
sition matrix can be represented as follows:

W =

[
WDD WDM

WMD WMM

]
,

where WDD = {WDD(i, j)}n,ni=1,j=1 is the disease-to-disease
transition matrix, WDM = {WDM (i, j)}n,mi=1,j=1 is the tran-
sition matrix from the disease similarity network to the
miRNA similarity network, WMD = {WMD(i, j)}m,n

i=1,j=1
is the transition matrix from the miRNA similarity net-
work to the disease similarity network, and WMM =
{WMM (i, j)}m,m

i=1,j=1 is the miRNA-to-miRNA transition

matrix. Let λ be the jumping probability from the disease
similarity network to the miRNA similarity network, and
δ be the jumping probability from the miRNA similari-
ty network to the disease similarity network. The intra-
subnetwork transition probabilities from vertex di to dj and
vertex mi to mj are defined as:

WDD(i, j) =


D(i, j)

/
n∑

k=1

D(i, k), if
m∑

k=1

B(i, k) = 0,

(1− λ)D(i, j)

/
n∑

k=1

D(i, k), otherwise,

and

WMM (i, j) =


M(i, j)

/
m∑

k=1

M(i, k), if
n∑

k=1

B(k, i) = 0,

(1− δ)M(i, j)

/
m∑

k=1

M(i, k), otherwise,

respectively. Furthermore, the inter-subnetwork transition
probabilities from vertex di to mj and mi to dj are defined
as:

WDM (i, j) =


0, if

m∑
k=1

B(i, k) = 0,

λB(i, j)

/
m∑

k=1
B(i, k), otherwise,

and

WMD(i, j) =


0, if

n∑
k=1

B(k, i) = 0,

δB(j, i)

/
n∑

k=1
B(k, i), otherwise,

respectively.
Let γ be the restart probability of the random walker, and

Pt = {pt(i)}m+n
i=1 be a probability vector in which pt(i) is

the probability of the random walker at node i at step t. The
RWR is implemented by the following iterative formula:

Pt+1 = (1− γ)WTPt + γP0,

where P0 is the initial probability of the heterogeneous
network, namely:

P0 =

[
(1− η)u0

ηv0

]
.

The parameter η ∈ [0, 1] balances the levels of impor-
tance of the disease similarity network and the miRNA
similarity network. The two vectors u0 and v0 are the
initial probabilities of the disease similarity network and
the miRNA similarity network, respectively. If we want to
predict potential miRNAs of a given disease di, di is the seed
node in the disease similarity network, and the miRNAs
that are known to be connected to di as our seed nodes
in the miRNA similarity network. In the disease similarity
network, u0(i) = 1 and probability 0 is given to other nodes.
The initial probability of the miRNA similarity network v0

is formed such that equal probabilities are assigned to those
seed nodes in the miRNA similarity network with a sum
equal to 1.

After some iteration steps, Pt converges to a stable status
that the L1 norm between Pt and Pt+1 is less than 10−10,
and we denote the stable probability as

P∞ =

[
(1− η)u∞
ηv∞

]
.
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By this time, the miRNAs can be ranked according to v∞.
The miRNAs that have a high probability value are more
likely to be associated with disease di.

5 EXPERIMENTS AND RESULTS

In this section, first, the effect of parameter is analyzed, and
then our method is compared with other existing methods
under leave-one-out cross-validation and five-fold cross-
validation. Finally, some other experiments are performed
to validate the feasibility of our method.

5.1 Parameter tuning
Four parameters λ, δ, η and γ, are explored in our algorithm.
The parameters λ and δ are the jumping probabilities, which
control the preference between the disease similarity net-
work and the miRNA similarity network. An investigation
of the effects of these two parameters showed that greater
values of λ and δ result in a better performance. The
parameter η controls the impact of the two subnetworks.
If the value of η is below 0.5, the random walker prefers
to walk in the disease similarity matrix. The parameter γ is
the restart probability. Previous work [56] has shown that
the restart probability has only a minor effect on the results.
After investigation of these four parameters, the following
values are used in our experiments: λ = 0.8, δ = 0.9,
η = 0.1 and γ = 0.5.

5.2 Leave-one-out cross-validation
For a given disease d, each known d-related miRNA is
left out in turn as the test miRNA and other known d-
related miRNAs are taken as known information to predict
potential candidates. The remaining miRNAs, which have
no evidence to verify they are associated with the d, and
the test miRNA constitute the d-related miRNA candidate
pool. In the candidate pool, the test miRNA is regarded
as a positive sample, and the others are negative samples.
The probabilities associated with d of all miRNAs in the
candidate pool are obtained by the predictive method. All
miRNA candidates are ranked by their probabilities. The
higher the ranking of the test miRNA, the better the predic-
tive performance. If the ranking of the test miRNA exceeds
a given threshold, it is regarded that the model successfully
predicts the experimentally verified association. After each
association has been tested, we calculated the true positive
rate (TPR) and the false positive rate (FPR) for each
threshold using the following formulas:

TPR =
TP

TP + FN
,

and
FPR =

FP

TN + FP
,

where TP and TN are the numbers of positive samples
and negative samples that are identified under the given
threshold, and FP and FN are the numbers of positive
samples and negative samples that are identified incorrectly,
respectively. By varying the threshold, the ROC curve is
obtained, and the AUC is used to measure the predictive
accuracy.
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Fig. 5. The ROC curve and AUC value of our method.

Figure 5 shows the ROC curve and AUC value of our
method. A comprehensive comparison of AUC values of
different methods under leave-one-out cross-validation are
shown in Table 5. The comparison results show that our
method deals with more miRNAs and diseases than other
methods and achieves a high AUC value.

5.3 Five-fold cross-validation

In the five-fold cross-validation, for a specific disease d, the
known d-related miRNAs are randomly divided into five
subsets. Each subset is left out as a test set, and other four
subsets are used as the training set. All miRNAs in the test
set are positive samples. After five rounds, we calculate
the AUC value by the same as the method as mentioned
for the leave-one-out cross-validation procedure. Because
the majority of diseases are associated with only a few
miRNAs, the performance five-fold cross-validation may
not be sufficient for them. Therefore, we test 15 specific
diseases that have been investigated in the literature [33],
[36]. The results of our method and a comparison with
HDMP and MIDP are shown in Table 6.

As shown in Table 6, the average AUC values of our
method for all 15 diseases is 0.8476. The average AUC val-
ues of HMDP and MIDP are 0.8428 and 0.862. Our method’s
average AUC is slightly higher than HMDP. In contrast, and
MIDP appears to achieve a higher average AUC value than

TABLE 5
Comprehensive comparison of different methods with leave-one-out cross-validation

Method Our method Jiang et al.’s method [28] RWRMDA [29] RLSMDA [34] NetCBI [32]

Number of miRNAs 476 120 271 271 99
Number of diseases 341 53 137 137 51
AUC 0.8049 0.758 0.7265 0.6964 < 0.8066
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TABLE 6
Comparison of our method, HDMP and MIDP using five-fold cross-validation

Disease name AUC
Our Method HDMP [33] MIDP [36]

Acute myeloid leukemia 0.8708 < 0.822 < 0.913
Breast neoplasms 0.8256 < 0.819 < 0.838
Colorectal neoplasms 0.8331 < 0.785 < 0.845
Glioblastoma 0.8386 < 0.887 < 0.786
Heart failure 0.8119 < 0.797 < 0.821
Hepatocellular carcinoma 0.8022 < 0.785 < 0.807
Lung neoplasms 0.9249 < 0.899 < 0.876
Melanoma 0.8337 < 0.845 < 0.837
Ovarian neoplasms 0.8958 < 0.836 < 0.923
Pancreatic neoplasms 0.9010 < 0.922 < 0.945
Prostatic neoplasms 0.8421 < 0.884 < 0.882
Renal cell carcinoma 0.8150 < 0.828 < 0.862
Squamous cell carcinoma 0.8719 < 0.812 < 0.870
Stomach neoplasms 0.7970 < 0.866 < 0.821
Urinary bladder neoplasms 0.8508 < 0.885 < 0.897

our method. However, as shown in Sec. 2, the two methods
HMDP and MIDP overestimate the predictive accuracy. In
addition, for some diseases, such as lung neoplasms and
squamous cell carcinoma, the results of our method are
even higher than those overestimated AUC values. For the
other diseases, the results of our method also approach the
overestimated results obtained by MIDP.

5.4 Application to diseases with no known related miR-
NAs
It is very important that the predictive method has the
ability to predict novel miRNAs for diseases with no known
related miRNAs [34]. To estimate its performance in this re-
gard, we implemented our method for the above mentioned
15 diseases. For a disease d, we remove all d-related miR-
NAs, and then our method is applied to predict d-related
miRNAs. We count the numbers of confirmed d-related
miRNAs under different ranking thresholds. The results are
shown in Table 7. For breast neoplasms, we remove 197
known related miRNAs, and our method is implemented to
uncover new related miRNAs. The result show that there are
90 confirmed associated miRNAs ranked in the predictive

list of the top 100. This indicates that our method can make
high-quality predictions of miRNA-disease associations for
those diseases with no known related miRNAs.

5.5 Case studies: lung neoplasms and breast neo-
plasms
Case studies of two diseases, lung neoplasms and breast
neoplasms, are analyzed for further evaluation of the ability
of our method to predict potential miRNA-disease associa-
tions. The top 30 predictive results are then confirmed using
the following three databases: dbDEMC [62], miRCancer
[63] and miRdSNP [64]. The results are shown in Table 8.

For lung neoplasms, associations with the two miRNA
candidates, hsa-mir-122 and hsa-mir-302a, do not appear in
the above three databases. Fortunately, it has been found
that oleanolic acid induces cell cycle arrest in lung cancer
cells through the miR-122 pathway [65], and that miRNA
hsa-mir-302a targets epidermal growth factor receptor in
lung cancer [66]. Among top 30 candidates for breast neo-
plasms, only one miRNA, hsa-mir-28, for which there is
no confirmation in the three databases. However, in 2011,
Yang et al. identified erythroid 2-related factor 2 as a target

TABLE 7
The numbers of the confirmed miRNA-disease associations predicted by our method for 15 diseases with no known related miRNAs under

different ranking thresholds

Disease name Number of known
related miNRAs

Ranking threshold
20 40 60 80 100

Acute myeloid leukemia 62 15 26 30 38 42
Breast neoplasms 197 21 40 57 74 90
Colorectal neoplasms 143 17 35 47 60 74
Glioblastoma 94 14 28 34 46 51
Heart failure 120 13 28 38 50 57
Hepatocellular carcinoma 208 20 37 55 71 86
Lung neoplasms 128 17 37 53 71 84
Melanoma 136 20 36 49 62 70
Ovarian neoplasms 112 17 28 39 54 62
Pancreatic neoplasms 97 18 30 44 57 65
Prostatic neoplasms 116 18 29 40 52 61
Renal cell carcinoma 104 10 25 38 44 54
Squamous cell carcinoma 78 14 26 35 44 52
Stomach neoplasms 174 18 32 49 65 82
Urinary bladder neoplasms 90 17 30 40 46 55
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TABLE 8
The top 30 lung neoplasms and breast neoplasms related candidates

Lung neoplasms

Ranking miRNA name Evidences

1 hsa-mir-16 dbDEMC, miRCancer
2 hsa-mir-15a dbDEMC, miRCancer
3 hsa-mir-106b dbDEMC, miRdSNP
4 hsa-mir-122 Unconfirmed
5 hsa-mir-195 dbDEMC, miRCancer
6 hsa-mir-15b dbDEMC, miRCancer
7 hsa-mir-141 dbDEMC, miRCancer
8 hsa-mir-429 dbDEMC, miRCancer, miRdSNP
9 hsa-mir-20b miRdSNP
10 hsa-mir-23b miRdSNP
11 hsa-mir-302b dbDEMC
12 hsa-mir-130a dbDEMC
13 hsa-mir-204 miRCancer, miRdSNP
14 hsa-mir-193b dbDEMC, miRCancer
15 hsa-mir-378a miRdSNP
16 hsa-mir-373 miRCancer
17 hsa-mir-99a dbDEMC, miRCancer
18 hsa-mir-342 dbDEMC, miRCancer
19 hsa-mir-196b dbDEMC
20 hsa-mir-451a dbDEMC
21 hsa-mir-302a Unconfirmed
22 hsa-mir-320a miRdSNP
23 hsa-mir-152 dbDEMC, miRCancer
24 hsa-mir-302c dbDEMC
25 hsa-mir-10a dbDEMC, miRCancer
26 hsa-mir-194 miRCancer
27 hsa-mir-149 dbDEMC, miRCancer, miRdSNP
28 hsa-mir-92b miRCancer
29 hsa-mir-129 miRCancer
30 hsa-mir-296 dbDEMC

Breast neoplasms

Ranking miRNA name Evidences

1 hsa-mir-150 dbDEMC, miRCancer, miRdSNP
2 hsa-mir-142 dbDEMC, miRdSNP
3 hsa-mir-15b dbDEMC, miRdSNP
4 hsa-mir-106a dbDEMC, miRdSNP
5 hsa-mir-192 dbDEMC, miRdSNP
6 hsa-mir-130a dbDEMC, miRCancer, miRdSNP
7 hsa-mir-138 dbDEMC, miRdSNP
8 hsa-mir-378a dbDEMC
9 hsa-mir-212 dbDEMC, miRdSNP
10 hsa-mir-99a dbDEMC, miRCancer, miRdSNP
11 hsa-mir-196b dbDEMC, miRCancer, miRdSNP
12 hsa-mir-372 dbDEMC, miRdSNP
13 hsa-mir-181c dbDEMC, miRdSNP
14 hsa-mir-30e dbDEMC, miRdSNP
15 hsa-mir-98 dbDEMC, miRCancer, miRdSNP
16 hsa-mir-92b dbDEMC, miRdSNP
17 hsa-mir-144 dbDEMC, miRdSNP
18 hsa-mir-130b dbDEMC, miRdSNP
19 hsa-mir-424 miRdSNP
20 hsa-mir-370 dbDEMC, miRdSNP
21 hsa-mir-181d dbDEMC, miRdSNP
22 hsa-mir-28 Unconfirmed
23 hsa-mir-99b miRCancer, miRdSNP
24 hsa-mir-449a miRdSNP
25 hsa-mir-494 dbDEMC, miRCancer, miRdSNP
26 hsa-mir-134 dbDEMC
27 hsa-mir-362 miRCancer, miRdSNP
28 hsa-mir-449b dbDEMC, miRdSNP
29 hsa-mir-32 dbDEMC, miRdSNP
30 hsa-mir-491 dbDEMC

of hsa-mir-28 in breast cancer [67], which suggests that
the unconfirmed candidates such as this one have a high
probability of being associated with lung cancer or breast
cancer. We conclude that these case studies demonstrate
that our method is powerful for predicting miRNA-disease
associations with a high level of reliability.

5.6 Predicting potential miRNA-disease associations

After confirming the predictive accuracy of our method by
cross-validation and case studies, all of the known miRNA-
disease associations were used as training data to predict
potential disease related miRNAs. For each of the 341
diseases studied, we have published the top 100 candi-
date miRNAs on our web server http://ifmda.aliapp.com.
The potential miRNA-disease associations predicted in this
manuscript are most likely real, which is supported by the
case studies that demonstrated that 29 of the top 30 breast
cancer-related miRNAs candidates are confirmed by at least
one of the databases. The others should be validated by
further biological experiments.

6 CONCLUSION

In this paper, we have highlighted three limitations associat-
ed with other computational methods, and presented three
suggestions as design guidelines for method of predict-
ing miRNA-disease associations. Two novel datasets were
developed by integrating multiple types of information.
The framework of RWR on a heterogeneous network of

miRNAs and diseases was developed to predict miRNA
candidates that could potentially be associated with dis-
eases. The cross-validation and case studies demonstrated
that our method has superior predictive performance. More-
over, an online service for prediction is also available at
http://ifmda.aliapp.com.
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