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ARTICLE INFO ABSTRACT

Uncovering disease-related microRNAs (miRNAs) by inferring miRNA-disease associations is of critical im-
portance for understanding the pathogenesis of disease and carrying out treatment and prevention. Recently
developed computational models for inferring miRNA-disease associations assume that functionally related
miRNAs are associated with phenotypically similar diseases and hence infer miRNA-disease associations by using
miRNA-miRNA and disease-disease similarities, which are concretely determined by mining existing biological
resources. From the perspective of manifold learning, miRNA-miRNA similarities and disease-disease similarities
determine a low-dimensional manifold for miRNAs and diseases, respectively, and the basic assumption of
current computational models is equivalent to consistency between the manifold structures of miRNA and
disease. In this paper, we propose a novel microRNA-disease inference framework (MAMDA) that explicitly takes
advantage of this consistency property and infers miRNA-disease associations by aligning the manifold structure
of miRNA with that of disease together with supervision of experimentally verified miRNA-disease associations.
Based on three aspects, experimental results show that the proposed framework outperforms several re-
presentative state-of-the-art techniques. First, AUC values using k-fold cross-validation indicate that our method
acquires more reliable predictions than four classical techniques (HGIMDA, HDMP, RLSMDA, and NCPMDA).
Second, 48/48 predicted associations between miRNAs and breast cancer are validated with the HMDD and
dbDEMC to show the effectiveness of predicting isolated diseases with unknown miRNAs. Third, two case studies
of colon neoplasms and lung neoplasms validate the superior accuracy of MAMDA, with 48/50 and 48/50
predicted associations in the HMDD and dbDEMC, respectively.
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1. Introduction

As a class of noncoding RNAs, microRNAs (miRNAs) are single-
stranded RNA molecules approximately 22 nucleotides in length that
play pivotal roles in regulating gene expression [1]. They may fine-tune
the protein-encoding expression of as many as 30% of all mammalian
genes [2]. In addition, great discoveries in miRNAs have also shown
that miRNAs acting as important new regulatory molecules in different
human diseases have great potential in the diagnosis and treatment of
many diseases. For instance, it is well documented that upregulation or
downregulation of miRNAs occurs in various human cancers. Silencing,
antisense blocking and modification of miRNAs are potential ther-
apeutic treatments involving these miRNAs [3,4].

Uncovering miRNA-disease associations is of critical importance not
only for investigating disease pathogenesis at the molecular level and
facilitating diagnosis, treatment and prevention of disease [5-7] but

also for formulating personalized treatment regimens [8]. Several ex-
perimental methods have been successfully exploited, such as micro-
array profiling and RT-PCR [9-11]. However, these experimental
methods are expensive and time consuming [12]. To eliminate the
drawbacks of these experimental techniques, computational methods
have been developed to predict and rank disease-related miRNAs by
inferring miRNA-disease associations [13].

The main purpose of these computational methods is to offer reli-
able miRNA candidates for biological experiments in combination with
existing experimental data. This strategy can make up for the short-
comings of the experimental approaches and further improve the effi-
ciency and success rate under the circumstances of many-to-many as-
sociation maps between miRNAs and diseases. Computational strategies
developed in recent years for predicting associations can be divided into
the following two categories: relation-learning methods and similarity-
computation approaches. They are both based on the assumption that
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functionally related miRNAs tend to be associated with phenotypically
similar diseases and vice versa [14]. Specifically, the relation-learning
methods focus on learning an miRNA-disease relationship, while the
similarity-computation approaches generate predictions/inferences by
simultaneously considering the experimentally verified miRNA-disease
associations, miRNA's functional similarities, and diseases' phenotypic
similarities, among other relationships [14-21]. However, the existing
studies on miRNA and disease association prediction still face the fol-
lowing problems. On the one hand, the relation-learning methods are
subject to data samples that are distributed unevenly. Currently, only a
relatively small number of miRNA-disease associations have been
confirmed by experiments. The false positives in miRNA target gene
prediction and the disease-related annotation information are not suf-
ficient, and numerous undiscovered miRNA-disease associations still
exist, leading to the problem of an uneven data distribution. On the
other hand, the similarity-computation approaches suffer from in-
accurate prediction caused by the sparsity of data and isolated diseases
(diseases not related to other diseases and miRNAs). This is because the
known diseases and miRNAs have some known associations, which can
provide much prior knowledge for subsequently predicting potential
relationships. Isolated diseases and unknown miRNAs, in contrast, can
hardly provide prior knowledge and thus affect prediction accuracy.

The base assumption that miRNAs with similar functions are asso-
ciated with diseases with similar phenotypes is equivalent to the con-
sistency between the underlying low-dimensional manifold structure of
miRNAs and that of diseases [22]. It is reasonable to assume that latent
data for fully describing miRNAs or diseases are in a high-dimensional
space, considering their high biological complexity. At the same time,
the data should also form an underlying low-dimensional manifold,
considering the established similarities between miRNA functions or
disease phenotypes. This low-dimensional manifold can actually be
reconstructed from the similarities between miRNAs or diseases using
recent manifold learning techniques [23-25]. However, this invaluable
information is not explicitly leveraged by most of the current miRNA-
disease prediction techniques.

In this paper, we develop a novel framework for inferring miRNA-
disease associations with manifold alignment (MAMDA). It establishes a
regression between miRNAs and diseases by explicitly taking advantage
of the consistency between their underlying low-dimensional manifold
structures. Specifically, we first construct a graph Laplacian for both
miRNAs and diseases, which is determined by the functional similarity
of miRNAs or the phenotypic similarity of diseases. We then present a
formulation that joins the graph representation of miRNAs and diseases
by considering the experimentally verified miRNA-disease associations,
miRNAs' functional similarities and diseases' phenotypic similarities
together. This formulation results in common low-dimensional em-
bedding over the joined graph and provides an alignment of the un-
derlying low-dimensional manifold structures (benefitting from the
low-dimensional manifold structure's consistency between miRNAs and
diseases). The resulting manifold alignment offers an inference of the
miRNA-disease associations. Experimental results show that the pro-
posed manifold alignment-based technique for association prediction
between miRNAs and diseases outperforms several representative state-
of-the-art approaches.

2. Related works

Grounded in known miRNA-disease associations, miRNA functional
similarities, disease phenotypic affinities, or protein-disease relations,
recent progressions of computational methods put forward effective
algorithms for systematically predicting miRNAs related to given dis-
eases and screening candidates for molecular biological experiments, in
turn reducing expenditures and curtailing experiment cycles
[14,26,27]. Existing methods for predicting the type of miRNA-disease
associations are classified mainly into relation-learning methods and
similarity-computation methods.
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In general, relation-learning methods focus on learning miRNA-
disease relations. Ala Qabaja et al. [28] proposed the Lasso regression
model-based protein network to infer associations between miRNAs and
diseases. Xu et al. [29] and Jiang et al. [7] applied the support vector
machine (SVM) to classify proven miRNA-disease associations and ne-
gative ones. Chen et al. [30] first introduced a decision tree learning-
based model (EGBMMDA) to infer miRNA-disease associations. The
authors used a gradient boosting model to train the regression tree
based on the results of miRNA-disease relations calculated by statistical
measures, graph theoretical measures and matrix factorization. As is
well known, this type of method has difficulty in collecting negative
training samples, which refer to unknown miRNA-disease relationships.
To overcome these limitations, Zou et al. [21] employed CATAPULT,
treating all negative associations as unlabeled data to solve the lack of
negative samples. Therein, semisupervised techniques were introduced
to solve the issue of imbalanced and unlabeled samples to uncover
potential microRNA-disease association. Chen et al. [31] proposed an
RLSMDA method combining the semisupervised strategy and regular-
ized least squares framework to identify the miRNA-disease associa-
tions that have unknown related miRNAs. Chen et al. [32] developed
the machine learning method-based restricted Boltzmann machine
named RBMMMDA to infer multiple types of relationships between
miRNA and disease on a large scale. In addition, Chen et al. [33] in-
troduced a bipartite network projection-based method (BNPMDA) for
predicting miRNA-disease relations. However, this method cannot infer
isolated diseases without known related miRNAs. To solve this problem,
three similar methods based on known associations and integrated
miRNA similarity and disease similarity were introduced. Chen et al.
[34] proposed another semisupervised model based on low-rank in-
ductive matrix completion (IMCMDA) to identify the missing associa-
tions between miRNAs and diseases via known associations and in-
tegrated similarity for miRNA and disease in order to infer miRNA-
disease associations. Chen et al. [35] developed a novel computational
model (MDHGI) for the prediction of miRNA-disease associations
through matrix decomposition-based sparse learning. Combining mul-
tiple feature spaces to achieve a single classifier, Chen et al. [36] pro-
jected the feature profile of miRNAs or diseases into a common sub-
space and predicted relationships between miRNAs and diseases via the
Laplacian regularized sparse subspace learning method (LRSSLMDA) to
acquire reliable predictions.

The similarity-computation approaches can be roughly classified
into local and global network-based similarity-computation ap-
proaches. Moreover, the strategies used include various methods, such
as hypergeometric distribution, random walk, graph theory, path-based
approaches, and social network analysis. According to whether they use
only miRNA neighbor information, some local network-based simi-
larity-computation measures are summarized as follows. Jiang et al. [5]
first constructed a Boolean miRNA network containing nodes and edges
to infer miRNA-disease associations. Xuan et al. [37] proposed the
HDMP technique based on the weighted k most-similar neighbors,
which overcame the shortcoming that many false positives are pro-
duced in the Boolean network. Mgrk et al. [27] presented protein-
driven inference (miRPD) for prediction based on miRNA-disease and
protein-disease associations. In contrast, Chen et al. [38] proposed a
global network similarity strategy to predict miRNA-disease associa-
tions using three inference methods, namely, microRNA-, phenotype-,
and network consistency-based similarity inference. Similarly, Chen
et al. [39] also exploited a global network similarity strategy called the
RWRMDA, inspired by a random walk. Gu et al. [16] introduced a
network consistency projection approach called NCPMDA to predict the
potential miRNA-disease associations in all diseases without known
negative samples. The better performance of the global approach in-
dicated that it may obtain higher accuracy than approaches using the
local network similarity model, which focuses only on neighboring re-
lationships; however, this method ignores the information in proteins.
Then, Shi et al. [40] developed the RWR algorithm employing protein-
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protein interaction (PPI) and disease/miRNA-gene association data and
a random walk strategy to acquire the probability distribution for genes
of disease and miRNA. Furthermore, Chen et al. [41] developed
HGIMDA by adopting heterogeneous graph inference to uncover po-
tential miRNA-disease associations and predict new diseases and
miRNAs without any prior associations. With respect to graph theory,
You et al. [42] adopted the path-based miRNA-disease association
(PBMDA) method combining miRNA-disease relationships, miRNA
functional similarity, disease semantic similarity, and Gaussian inter-
action profile kernel similarity information. Based on the social net-
work, Zou et al. [21] explored the computational module KATZ, in-
spired by social network analysis, to predict associations. Le [43]
introduced a ranking method based on a network strategy to predict
novel miRNA-disease associations.

3. Materials and methods
3.1. Datasets

The phenotypic similarities between diseases were acquired in a
similar way as those in Ref. [31]. The computation was carried out
based on a hierarchical directed acyclic graph (DAG) constructed from
the MeSH database (http://www.ncbi.nlm.nih.gov) with 4663 diseases.
The nodes of the DAG represent a disease, and a link from a parent node
to its children denotes their relations. The similarity between two dis-
eases is decided based on the important assumption that two more si-
milar diseases share larger parts of the DAG.

The functional similarities between miRNAs were obtained from the
webpage (http://www.lirmed.com/misim/Download). These simila-
rities were computed based on the assumption that miRNAs with more
similar functions tend to be associated with more similar diseases, as
detailed in Ref. [44].

The experimentally verified miRNA-disease associations were col-
lected from the latest version of the HMDD [45]. We chose 18732 high-
quality miRNA-disease associations that include 1206 miRNAs and 894
diseases.

3.2. Manifold learning from the similarity network

We use the square matrices S, and S; to denote the miRNA-miRNA
similarities and disease-disease similarities, respectively, in which the
number of rows/columns equals the number of miRNAs and diseases
that we collected. Note that S,/S; has nonzero values only for the de-
tected miRNA/disease pair when determining the functional/pheno-
typic similarities. In addition, S, and S; are symmetric and have non-
negative values. We built a graph Laplacian for miRNAs with the
following equation:

dis lfl :j

L., j) = {_ S,(i, j), otherwise M

where d; represents the summation of the i; row/column of S,.
Similarly, we can build a graph Laplacian L, for diseases.

Building a real-valued function 7 for miRNAs, an optimal low-di-
mensional embedding of miRNA can then be obtained by minimizing
the following quadratic cost:

FLF= 2 3 18,00 = 7))

ij 2
where 7 indicates the real value for the iy, miRNA. Similarly, we can
also build a real-valued function d for diseases and obtain an optimal
low-dimensional embedding of a disease by minimizing the following
quadratic cost:

d'Lad = 3 3 [54G6.)(d - 3]

iJ

3
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3.3. Manifold alignment for inferring miRNA-Disease associations
(MAMDA)

Most of the existing computational models for miRNA-disease as-
sociation inference are based on the assumption that functionally si-
milar miRNAs are associated with phenotypically similar diseases. From
the viewpoint of manifold learning, this assumption also means that the
low-dimensional manifold 7 has a structure similar to that of d. We
therefore infer the miRNA-disease association by aligning these two
low-dimensional manifolds [25], which can be carried out via optimi-
zation of the following objective function:

OF, d)=p Y. (—d) +FLF+dLyd
(ij)eA

(€3]

In the above equation, A represents all experimentally verified
miRNA-disease associations. An element of A is an index pair (i, j),
which indicates that the i, miRNA is associated with the j,, disease. The
parameter p adjusts the importance of the experimentally verified
miRNA-disease associations based on the fidelity of the resulting em-
bedding to the one specified by the graph Laplacians.

The optimization of the above objective function can be carried out
by minimizing its Rayleigh quotient [25], which amounts to solving the
below minimization:

min XTLXS t.xe=0
Xk 6)
where x=[fd"|, eé=[11---1" and L is specified as
L +U - .
L=|" " ™ | Here, U, and U, have nonzero elements (with a

—Ua La+ Uy
value ) on the diagonal specified by i and j in (i, j) € A, respectively.
U,q has nonzero elements (with a value p) specified by (i, j) € A with the
i and j index row and column, respectively.

The t-dimensional manifold embedding is obtained using the ei-
genvectors of L corresponding to the t largest eigenvalues, which result
in a tdimensional representation of the aligned manifold
R=[F#--F] and D = [d' d* --- d']. Within the t-dimensional em-
bedding, the association w(i, j) between the i, miRNA and the j,, dis-
ease is computed with the following equation:

1 — e~ %@

W) = T gy

(6)

where (i, /) = L ¥, ., F - d9".

Algorithm 1 MAMDA algorithm.

Input: Matrices S, Sq4, and A; parameters r and d;

Output: Predicted miRNA-disease associations matrix w;
1: foreach i, j € [1,7] do
2: Build a graph Laplacian L, (i, j) for miRNAs by Equation (1);
Build a quadratic cost for miRNA-manifold embedding by Equation (2);

3
4: end for
5: for eachi,j € [1,d] do
6: Build a graph Laplacian Ly(i, j) for diseases as in Equation (1);
7 Build a quadratic cost for disease-manifold embedding by Equation (3);
8: end for
9: Obtain manifold embedding of miRNAs and diseases by Equations (4) and (5);
. foreachi € [1,7], j € [1,d] do
Obtain the predicted associations w(, j) by Equation (6);
2: end for
: return w;

4. Results
4.1. Evaluation and comparison
We validated the inference performance of the proposed framework

by using k-fold cross-validation and comparing it with state-of-the-art
techniques, namely, HGIMDA [41], HDMP [37], RLSMDA [31], and
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NCPMDA [16]. In the k-fold cross-validation, the 18732 experimentally
verified miRNA-disease associations were randomly partitioned into k
subsets. In these subsets, there are (k — 1) subsets, each of which bears
[18732/k] ([-] denotes ceil operation) associations, and 1 subset con-
taining the remaining associations. The cross-validation process is re-
peated k times, with each of the k subsets used exactly once as the
validation data and all the remaining (k — 1) subsets used as the
training data. The k results from all the folds were then averaged to
produce a single estimate for this random partition. This random par-
tition was repeated 50 times (set empirically), and all the resulting
estimates were averaged to produce the final result. Moreover, we used
the receiver operating characteristic (ROC) curve (as estimated by the
ROCKIT algorithm [46]) and the area under the ROC curve (AUC) va-
lues to quantitatively assess performance.

Regarding the parameters in the computational models, we em-
pirically set u = 1.8 in our model and the one(s) in other methods as the
number(s) used in the corresponding literature. In addition, the com-
putation and usage of the miRNA-miRNA similarities, disease-disease
similarities and miRNA-disease associations were carried out as in the
corresponding literature.

As shown by the AUC values in Fig. 1, all approaches degrade when
k decreases in the k-fold cross-validation. In addition, our approach
outperforms all other methods disregarding the value of k. The best
AUC value generated by our approach is 0.922, which occurs when
k = 1000.

In Fig. 2, we adopted the precision-recall curve (PR curve) and ROC
curve to compare the prediction accuracy of the experimental methods,
with corresponding AUC values generated by HGIMDA [41], HDMP
[37], RLSMDA [31], and NCPMDA [16]. Analysis of the PR curves re-
veals that our method is superior to all other models, considering that
its curve is closer to the upper-right corner of the graph. According to
the ROC curves, which characterize the complete performance when
the thresholds (in w of our approach or the score of classification for the
other methods) vary from low values to high ones, our approach
achieved AUC values of 0.925, 0.897, and 0.898 for global LOOCV,
local LOOCV and 20-fold cross-validation, respectively. HGIMDA [41],
HDMP [37], RLSMDA [31], and NCPMDA [16] acquired AUC values of
0.899, 0.889, 0.909 and 0.912 for global LOOCV, respectively. More-
over, for local LOOCV, these approaches achieved values of 0.860,
0.857, 0.870 and 0.890, respectively. Therefore, our algorithm has an
excellent effect on the accuracy of miRNA-disease relationship predic-
tion.

0.94
0.92
0.9
0.88
g 0.86
<
0.84
0.82
0.8
1000 500 200
—HGIMDA  0.879 0.89 0.853
——HDMP 0.895 0.897 0.861
——RLSMDA  0.899 0.906 0.867
—NCPMDA 0.905 0.913 0.886
—MAMDA 0.922 0.918 0.903
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4.2. Prediction of isolated diseases with unknown associated miRNAs

We also found that our approach can accurately predict diseases
with no associated miRNAs. The only knowledge we acquired was
disease-disease similarities and disease-miRNA similarities of other
diseases. Specifically, we chose the disease “breast cancer” and ex-
cluded all related known miRNA-disease associations. This step guar-
anteed that only the experimentally verified associations that involved
other diseases were included. We found that of the top 48 miRNAs
inferred by our approach, all of them were consistent with the experi-
mental verifications. The results shown in Table 1 indicate that
MAMDA is valid for inferring associations with isolated diseases.

4.3. Case studies of colon neoplasms and lung neoplasms

Studies have shown that miRNA plays a dual role in oncogenes or
tumor-suppressor genes, and their expression levels are closely related
to tumor formation. In our work, we applied the MAMDA approach to
predict the miRNA-disease associations for colon neoplasms and lung
neoplasms. Herein, the predicted results were confirmed with the
HMDD [45] and dbDEMC [47].

As the most common type of colorectal cancer, colon neoplasms are
common malignant tumors in the gastrointestinal tract, and their in-
cidence is second only to gastric and esophageal cancer. Recent studies
have found that miRNAs are becoming increasingly significant in im-
proving the detection of colon neoplasms; for instance, hsa-mir-126 is
related to the growth of CN cells [48]. hsa-mir-186 may inhibit the
proliferation, migration and invasion of colon cancer cells in vitro, so it
plays a downregulatory role in colon cancer tissues [49], and [50]
confirmed that the loss of mir-215 was associated with colon cancer. As
another example, hsa-mir-140 inhibits the migration and invasion of
colon cancer cells by downregulating Smad3 expression [51]. As shown
in Table 2, we verified the accuracy of the MAMDA approach based on
the disease. Specifically, 48 of the top 50 miRNA candidates were
confirmed to be related to colon neoplasms. This performance shows
that our method can predict colon neoplasms to some extent.

Lung neoplasms are one of the most common types of malignant
tumors. In recent decades, the morbidity and mortality of lung tumors
have increased significantly. Recent research has shown that miRNAs
play a role in lung cancer development, epithelial-mesenchymal tran-
sition and therapeutic response [52]. For instance Ref. [53], demon-
strated the inhibitory effect of hsa-let-7 on human lung cancer. hsa-mir-
660 has been shown to be therapeutic in lung cancer cells [54]. In
addition, hsa-mir-29 is closely related to gene expression in lung cancer
[55]. The verification results can be viewed in Table 3, and 48 of the

100 50 20 10
0.851 0.863 0.861 0.847
0.863 0.875 0.868 0.852
0.861 0.867 0.885 0.854
0.87 0.885 0.885 0.863
0.902 0.895 0.898 0.867

Fig. 1. Performance (measured with the AUC value) comparison among HGIMDA [41], HDMP [37], RLSMDA [31], NCPMDA [16] and MAMDA (our manifold
alignment framework) when k (x-axis) takes different numbers in the k-fold cross-validation.
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Fig. 2. Precision-Recall (PR) curves and ROC curves with corresponding AUC values generated by HGIMDA [41], HDMP [37], RLSMDA [31], NCPMDA [16] and
MAMDA (our manifold alignment framework).
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Table 1

Prediction of isolated diseases with unknown miRNAs.
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Table 3
The top 50 potential lung neoplasm-related miRNAs.

miRNA (1-24)

Evidence

miRNA (25-48)

Evidence

miRNA (1-25) Evidence miRNA (26-50) Evidence

hsa-mir-15b HMDD; dbDEMC hsa-mir-92a HMDD; dbDEMC
hsa-mir-19a HMDD; dbDEMC hsa-mir-145 HMDD; dbDEMC
hsa-mir-30e HMDD; dbDEMC hsa-mir-139 HMDD; dbDEMC
hsa-mir-103 HMDD; dbDEMC hsa-mir-363 HMDD; dbDEMC
hsa-mir-200¢ HMDD; dbDEMC hsa-mir-153 HMDD; dbDEMC
hsa-mir-9 HMDD; dbDEMC hsa-mir-621 HMDD; dbDEMC
hsa-mir-30c HMDD; dbDEMC hsa-let-7f-2 HMDD

hsa-let-7b HMDD; dbDEMC hsa-mir-25 HMDD; dbDEMC
hsa-mir-487b dbDEMC hsa-mir-93 HMDD; dbDEMC

hsa-mir-892a
hsa-mir-151

HMDD; dbDEMC
HMDD; dbDEMC

hsa-mir-128-2
hsa-mir-190a

HMDD
HMDD; dbDEMC

hsa-mir-124a-3 HMDD hsa-mir-184 HMDD; dbDEMC
hsa-mir-513a-2 HMDD hsa-mir-194-2 HMDD
hsa-mir-526b HMDD; dbDEMC hsa-mir-575 HMDD; dbDEMC
hsa-mir-573 HMDD; dbDEMC hsa-mir-801 HMDD; dbDEMC
hsa-mir-203a HMDD; dbDEMC hsa-mir-19b HMDD; dbDEMC
hsa-mir-191 HMDD; dbDEMC hsa-mir-630 HMDD; dbDEMC
hsa-mir-132 HMDD; dbDEMC hsa-mir-485 HMDD; dbDEMC
hsa-mir-411 HMDD; dbDEMC hsa-let-7a-3 HMDD; dbDEMC
hsa-mir-328 HMDD; dbDEMC hsa-mir-660 HMDD; dbDEMC
hsa-mir-20 HMDD; dbDEMC hsa-mir-519¢ HMDD; dbDEMC
hsa-mir-570 HMDD; dbDEMC hsa-mir-563 dbDEMC
hsa-mir-506 HMDD; dbDEMC hsa-mir-10 HMDD
hsa-mir-424 HMDD; dbDEMC hsa-mir-520a HMDD; dbDEMC
Table 2

The top 50 potential colon neoplasm-related miRNAs.

miRNA (1-25)

Evidence

miRNA (26-50)

Evidence

hsa-mir-328 HMDD; dbDEMC hsa-mir-19b HMDD; dbDEMC
hsa-mir-524 HMDD; dbDEMC hsa-mir-208 unconfirmed
hsa-mir-1915 HMDD; dbDEMC hsa-mir-143 HMDD; dbDEMC
hsa-mir-27a HMDD; dbDEMC hsa-mir-142 HMDD; dbDEMC
hsa-mir-135b HMDD; dbDEMC hsa-mir-34c HMDD; dbDEMC
hsa-mir-3147 dbDEMC hsa-mir-9 HMDD; dbDEMC
hsa-mir-30c-1 HMDD; dbDEMC hsa-let-7d HMDD; dbDEMC
hsa-mir-326 HMDD; dbDEMC hsa-mir-18a HMDD; dbDEMC
hsa-mir-106a HMDD; dbDEMC hsa-mir-222 HMDD; dbDEMC
hsa-mir-627 HMDD; dbDEMC hsa-mir-126 HMDD; dbDEMC
hsa-mir-218-2 HMDD; dbDEMC hsa-let-7a HMDD; dbDEMC
hsa-mir-215 HMDD; dbDEMC hsa-mir-34b HMDD; dbDEMC
hsa-let-7f-1 HMDD; dbDEMC hsa-mir-297 dbDEMC
hsa-mir-101-2 HMDD; dbDEMC hsa-mir-191 HMDD; dbDEMC
hsa-mir-186 HMDD; dbDEMC hsa-mir-223 HMDD; dbDEMC
hsa-mir-30c HMDD; dbDEMC hsa-mir-29b HMDD; dbDEMC
hsa-mir-140 HMDD; dbDEMC hsa-mir-205 HMDD; dbDEMC
hsa-mir-615 HMDD; dbDEMC hsa-mir-16 HMDD
hsa-mir-370 dbDEMC hsa-mir-200a HMDD; dbDEMC
hsa-mir-92a HMDD; dbDEMC hsa-mir-29a HMDD; dbDEMC
hsa-mir-886 HMDD; dbDEMC hsa-mir-218 HMDD; dbDEMC
hsa-mir-363 HMDD; dbDEMC hsa-mir-12 unconfirmed
hsa-mir-3613 HMDD; dbDEMC hsa-let-7f HMDD; dbDEMC

hsa-mir-551b
hsa-mir-101

dbDEMC
HMDD; dbDEMC

hsa-mir-199a
hsa-mir-148a

HMDD
HMDD; dbDEMC

top 50 miRNA candidates were confirmed to be associated with lung
neoplasms. However, previous research found that hsa-mir-151a may
be related to lung neoplasms [56]. Thus, our method can infer miRNA-

disease relationships.

5. Discussion

Computational models for predicting miRNA-disease associations
can address the drawbacks of related experimental verification tech-
niques caused by their high cost and time consumption. These models
benefit not only from the power of the inference techniques but also
from various emerging resources, including but not limited to the ex-
perimentally verified miRNA-disease associations obtained via text
mining, functional similarities between miRNAs and phenotypic

hsa-let-7¢ HMDD; dbDEMC hsa-mir-183 HMDD; dbDEMC
hsa-let-132 HMDD; dbDEMC hsa-mir-641 HMDD
hsa-mir-30c HMDD; dbDEMC hsa-mir-218 HMDD; dbDEMC
hsa-mir-185 HMDD; dbDEMC hsa-mir-30c-2 HMDD; dbDEMC
hsa-mir-17 HMDD; dbDEMC hsa-mir-320 HMDD; dbDEMC
hsa-mir-16 HMDD; dbDEMC hsa-mir-7i HMDD; dbDEMC
hsa-mir-18a HMDD; dbDEMC hsa-mir-328 HMDD
hsa-mir-146 HMDD; dbDEMC hsa-mir-410 HMDD; dbDEMC
hsa-mir-660 HMDD; dbDEMC hsa-mir-95 HMDD; dbDEMC
hsa-mir-25 HMDD; dbDEMC hsa-mir-499b HMDD
hsa-mir-1226 HMDD; dbDEMC hsa-mir-124-2 HMDD
hsa-mir-144 HMDD; dbDEMC hsa-mir-187 HMDD; dbDEMC
hsa-mir-216b HMDD; dbDEMC hsa-mir-107 HMDD; dbDEMC
hsa-mir-100 HMDD; dbDEMC hsa-mir-206 HMDD; dbDEMC
hsa-mir-147b dbDEMC hsa-mir-200 HMDD
hsa-mir-1258 HMDD; dbDEMC hsa-mir-138 HMDD; dbDEMC
hsa-mir-151a unconfirmed hsa-mir-126 HMDD; dbDEMC
hsa-mir-181c HMDD; db DEMC hsa-mir-638 HMDD; dbDEMC
hsa-mir-363 dbDEMC hsa-mir-214 HMDD; dbDEMC
hsa-mir-1224 HMDD; dbDEMC hsa-mir-743a unconfirmed
hsa-mir-200b HMDD; dbDEMC hsa-mir-23a HMDD; dbDEMC
hsa-mir-29 HMDD hsa-mir-138-2 HMDD; dbDEMC
hsa-mir-608 HMDD hsa-mir-335 HMDD; dbDEMC
hsa-mir-153 HMDD; dbDEMC hsa-let-7 HMDD; dbDEMC
hsa-mir-630 HMDD; dbDEMC hsa-mir-555 dbDEMC

similarities between diseases. Most of these computational models are
built on the assumption that functionally similar miRNAs are associated
with phenotypically similar diseases.

From the viewpoint of manifold learning, this basic assumption of
current computational models for miRNA-disease inference is equiva-
lent to the consistency between the underlying low-dimensional
manifold structure of miRNAs and that of diseases. We hence proposed
a novel computational framework for inferring miRNA-disease asso-
ciations, which is distinguished from existing related models by its
explicit leverage of the consistency between the low-dimensional
manifold embedded in the space of miRNAs and that of diseases. In
addition, this framework integrates the functional similarities of
miRNA, phenotypic similarities of diseases and experimentally verified
miRNA-disease associations.

We first constructed a graph Laplacian for not only miRNAs but also
diseases. Then, we provided an objective function built for aligning the
low-dimensional manifolds of miRNA and diseases. We finally offered a
solution to minimize this objective function, which results in a practi-
cally invaluable measurement for assessing miRNA-disease associa-
tions.

Our experimental results were obtained by taking advantage of the
existing resources of miRNA-miRNA similarities, disease-disease simi-
larities and experimentally verified miRNA-disease associations. We
compared the proposed model with a few representative state-of-the-art
techniques using a series of k-fold cross-validations. We found that our
approach outperforms other techniques not only for diseases when
certain known miRNA-disease associations are provided but also when
no associations are known. Success under the latter condition also in-
dicates the capability of our approach to predict associated miRNAs for
a biologically unknown disease.

The power of our approach can be attributed to several of its
strengths. First, miRNA and disease manifolds are explicitly used. These
manifolds are more reliable, especially when more miRNA-miRNA re-
lations and disease-disease associations are verified. Second, structural
consistency between the low-dimensional manifolds of miRNAs and
diseases is explicitly leveraged, which is superior to the implicit use in
some of the existing techniques. Third, the known miRNA-disease as-
sociations can be seamlessly embedded in the manifold alignment fra-
mework, which guides the matching result to comply with the known
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associations. Finally, the solution to the proposed manifold alignment
problem offers optimal optimization, resulting in better inference ac-
curacies.

There are two main limitations of our work. First, this approach is
sensitive to the number of data sources, which mainly affects the ac-
curacy of manifold establishment. Future work will integrate more data
into this method to improve the ability to predict miRNA-disease as-
sociations. Second, the approach in this paper relies strongly on
miRNA-miRNA and disease-disease networks to construct manifolds.
Therefore, future work should focus on the study of miRNA and disease
networks.Acknowledgments
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