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Identifying accurate associations between miRNAs and diseses is bene cial for

diagnosis and treatment of human diseases. It is especiallimportant to develop an

ef cient method to detect the association between miRNA anddisease. Traditional
experimental method has high precision, but its process is @mplicated and

time-consuming. Various computational methods have been eveloped to uncover
potential associations based on an assumption that similamiRNAs are always related to
similar diseases. In this paper, we propose an accurate metid, MDA-SKF, to uncover

potential miRNA-disease associations. We rst extract tree miRNA similarity kernels
(miRNA functional similarity, miRNA sequence similaritydamming pro le similarity

for miRNA) and three disease similarity kernels (disease reantic similarity, disease
functional similarity, Hamming pro le similarity for disse) in two subspaces, respectively.
Then, due to limitations that some initial information may é/lost in the process and

some noises may be exist in integrated similarity kernel, weropose a novel Similarity
Kernel Fusion (SKF) method to integrate multiple similarikernels. Finally, we utilize
the Laplacian Regularized Least Squares (LapRLS) method aine integrated kernel
to nd potential associations. MDA-SKF is evaluated by thre evaluation methods,

including global leave-one-out cross validation (LOOCV)nd local LOOCV and 5-fold
cross validation (CV), and achieves AUCs of 0.9576, 0.835@&nd 0.9557, respectively.

Compared with existing seven methods, MDA-SKF has outstanidg performance on

global LOOCYV and 5-fold. We also test case studies to furthesinalyze the performance
of MDA-SKF on 32 diseases. Furthermore, 3200 candidate assmations are obtained

and a majority of them can be con rmed. It demonstrates that MDA-SKF is an accurate
and ef cient computational tool for guiding traditional eperiments.

Keywords: Laplacian Regularized Least Squares, disease si
Similarity Kernel Fusion

milarity, miRNA similarity, miRNA-disease association,

1. INTRODUCTION

MicroRNAs (miRNAs) are a set of small non-coding RNAs (about 205 nucleotides) that can
normally function as negative regulators of target messemNA (MRNA) expression in the
process of post-transcriptionligang et al., 2010bThey restrain target MRNA via base pairing, and
in uence gene translation. And, it has been veri ed that miRIso function as positive regulators
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(Luetal., 2008 Inrecent years, some existing works demonstratéGu et al., 201p6 reconstructs miRNA similarity matrix by
that miRNAs are involved in many signi cant biologic processesusing miRNA functional similarities, miRNA family informatn
including cell di erentiation, development, proliferation,nd and known associations, and constructs disease similarity
signal transductionCarthew and Sontheimer, 200%n addition,  matrix by integrating disease semantic similarity matrixda
some previous studies prove that miRNAs are related t&nown associations. Then, the network consistency projection
various diseases, including cancetsip et al., 200} Alzheimer is employed to calculate nal score of miRNA-disease pair. This
(Cogswell et al., 20)8Diabetes Caporali et al., 20)1 and method gets outstanding performance when handling a disease
Lymphoma Roehle et al., 2008For example, the expression without any known related miRNAs.
level of hsa-mir-21 is related to more than 125 diseasest(@al., Recently, machine learning algorithms are popular methods
2019. Therefore, identifying more associations between miRNA$or identifying miRNA-disease associationsip and Xiao, 2017,
and diseases is bene cial for diagnosis and treatment ofdnum Xiao etal., 2017; Luo etal., 201IRLSMDA Chen and Yan, 20)4
complex diseases. constructs miRNA functional similarity and disease semantic

Traditional experimental method has high precision forsimilarity in two di erent subspaces. Then, two cost functions
discovering potential associations, but its process is coatplic are constructed by Regularized Least Squares respectively.
and time-consuming. It is especially important to developFinally, all predicted associations between two subspaaes ar
an e cient and convenient method to detect the associationcombined to denote as the nal results. This method has
between miRNA and disease. Up to now, massive associatioescellent performance at the aspect of uncovering potential
are obtained via traditional experiments and stored in someassociations between miRNAs and diseases. The PBMDA (
public database. The dbDEMG4ng et al., 20)ollects 20037 et al., 201y uses miRNA functional similarity, disease semantic
associations including 2,224 miRNAs and 36 cancer types. Tts@milarity, Gaussian interaction pro le kernel similaritgnd
HMDD (Lietal., 201)stores 10,368 miRNA-disease associationknown associations to construct a heterogeneous graph. A
including 572 miRNAs and 378 diseases. The miR2Disdasey speci ¢ depth- rst search algorithm is employed to traversk al
et al., 200pstores 3,273 miRNA-disease associations includingathes in the graph. Finally, the miRNA-disease score can be
349 miRNAs and 163 diseases. Based on known associatiooBtained to represent association probability. The LRSSLMDA
various computational methods have been developed to uncov€then and Huang, 20)®&xtracts miRNA functional similarity,
potential associations. disease semantic similarity, Gaussian interaction pro ézriel

In the past few years, computational methods achievsimilarity, and applies the Laplacian Regularized Sparse Subspac
outstanding performance for discovering the novel assariat Learning to discover potential associations between miRN#is a
between miRNAs and diseasdsaf et al., 2016; Zeng et al., diseases. The method proposed4mng et al. (2018¢onstructs
2016b; Zou et al., 2016; Chen et al., 2017a; Li et al., 2(0Mdist  a bilayer network by integrating miRNA and disease similarity
of existing computational methods are based on an assumptiametworks and adjacency network. Then, this bilayer netwaoré
that miRNAs with high similarity tend to be related with structural perturbation method (SPM) are employed to uncover
same diseases and vice verkai (et al., 2013 The method potential associations.
proposed byliang et al. (2010aises a discrete hyper-geometric ~ Although all the mentioned methods have achieved
probability distribution to calculate the strength of miRNA- outstanding performance for uncovering potential assoorai
disease associations. The HDMRu@n et al., 20)xalculatesthe most of them have suered from dierent limitations or
miRNAs functional similarity that be assigned di erent wetgh restrictions Chen et al., 2017c; Peng et al., 20For example,
on the basis of miRNA family and cluster. Then, all the unladel how better to integrate these multiple kernels when extragtin
miRNAs are ranked by their nal scores. The RWRMD&HKen various similarity kernels for miRNAs and diseases. Most of
et al., 201puses miRNAs functional similarity network and the models employ the linear weighting method to integrate multiple
model of Random Walk to calculate the probability of candalat kernels into one kernel(then et al., 2017b; Lan et al., 2n17
miRNAs for a special disease. The MIDRugn et al., 2005 We believe that some information may be lost in the process
employs an improved Random Walk to set scores for candidat@nd noises may exist in the nal similarity kernel for Sinmitst
miRNAs, so the miRNA with larger score has higher possibilityNetwork Fusion (SNF) \(ang et al., 2014 Therefore, we
associated with the special disease. propose the method of Similarity Kernel Fusion (SKF) in this

Above methods have signi cant performances at the aspegaper. We retain the initial information of each kernel when
of nding novel associations, but can not work for a new integrating multiple kernels, and use a weight matrix to efiate
disease without known related miRNAs. The WBSMD2hén  noises in the integrated similarity kernel.
et al., 201p uses miRNA functional similarity matrix and In this paper, we introduce the method of MDA-SKF to
disease semantic similarity matrix and Gaussian intesacti uncovering potential associations between miRNAs and disease
prole kernel similarity matrix to reconstruct miRNA and First, we construct similarity kernels from two subspaces,
disease similarity matrix. Then, an probability value foreth including miRNA subspace and disease subspace. In miRNA
miRNA-disease association can be calculate by using Withirsubspace, we extract miRNA functional similarity kernel and
Scores and Between-Scores. The WBSMDA solves the limitatiomRNA sequence similarity kernel. And we rst propose miRNA
of previous computational models, that is to say, it couldamming pro le similarity kernel using the miRNA-disease
work for diseases without any known related miRNAs andassociations. These similarity kernels are used to represent
miRNAs without any known associated diseases. The NCPMD&AIRNA similarity. In disease subspace, we extract disease
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semantic similarity kernel and disease functional sinifyar 2.2.1. Disease Semantic Similarity

kernel. And we rst propose disease Hamming pro le similarity In the MeSH (owe and Barnett, 1994latabase, the diseade
kernel by using disease-miRNA associations. These sityilarican be marked as a node in Directed Acyclic Graph (DAG). We
kernels are employed to represent disease similarity. Secortenote a subnetwork aSq D (di, Tqy,Eq), WhereTy, is the

we respectively integrate three kernels into one kernel liygus set of all ancestor nodes df including itself andgy, is the set
SKF in each subspace. Then, we use the Laplacian Regularipé@orresponding links. A semantic score of each disease can be
Least Squares (LapRLS)i4 et al., 201Pand integrated kernel calculated by Equation (1){ang et al., 2010

to uncover potential associations in two subspaces. Finafly,
average two predicted association matrices as the nal predic
associations.

Three evaluation methods are used to verify the performance
of MDA-SKF, including global Leave-One-Out Cross Validatio where the diseage2 Tq; 1 is the semantic contribution factor
(global LOOCV), local Leave-One-Out Cross Validationandl D 0.5.

(local LOOCYV), and 5-fold cross validation (5-fold CV). Also, we denote the semantic score of the disedisby

Compared with existing seven methods, MDA-SKF has th&quation (2).

outstanding performance for uncovering potential miRNA-

disease associations. For further verication, we use alob DV(d)) D

validation and local validation to analyze 32 diseases&dfms.

The experimental results show that our method have reliable;hen, we calculate the disease semantic similarity valtveces

performance on detecting novel associations. Meanwhile, W& andd, by Equation (3).

nd that some special associations and corresponding miRNAs b

require more attention. These associations can be usedittz gu

thg traditional experience. ’ K. (d d 1274 T4 (P (1) € Dy ()
d,l(dlyd]) D

ift Dd

1
DaMD a1 Dy 9jtO2 children of yif t 60ty D

o7, D40 2)

DV(d)) C DV(d;) ®)

2. MATERIALS AND METHODS Finally, we obtain the disease semantic similagy 2 RY 9.

In this paper, we respectively establish three miRNA similarity 2 2. Disease Functional Similarity

kernels and three disease similarity kernels to predict@aon  |n the previous worksl(uo et al., 201)] the associations between
between miRNA and disease. Firstly, we integrate these kerngliseases and genes are used to calculate disease functional
into one MIRNA kernel and one disease kernel using theimilarity. We download the Log Likehood Score (LLS) that
method of Similarity Kernel Fusion (SKF). Then, we employis the probability of a functional linkage between genes ia th

Laplacian Regularized Least Squares on the integrated kemel HumanNet (Lee et al., 20)database. We normalize the LLS by
uncover potential association. Finally, we combine two preedi  Equation (4).

adjacency matrices from miRNA and disease subspaces to analyze

potential associations. The ow chart of SKFMDA is shown in LLSG, &) LLSnin

: LLS D 4
Figure 1 (G090 LLSnax LLSnin @
2.1. Human miRNA-Disease Association where LLYg, &) is the LLS betweerk-th and sth genes;
Dataset LLS (g, &) is the normalized LLS scordlSnin and LLSnax

Agpresent the minimum and maximum LLS scores in HumanNet,
respectively.

We de ne the functional similarity score between genes by
Equation (5).

We get 5,430 miRNA-disease associations including 495 miRN
and 383 diseases, which are downloaded from HMDDe( al.,
2019 database. The set of miRNAs is denoted\byD fmid,,
and the set of diseases is denotedb fd| qu1- The association

matrix is represented by 2 RP 9, whereY(i,j) 2 f0, 1g When

the miRNAmi .is.association with the diseadg Y (i, ) is setto 1, E 1 ifkDs
otherwiseX(i,j) is setto 0. FSG0G) D, LLS (@) if k6D5\ &k, 9 2 Suumanner

"0 if k6Ds\ ek,9 2 SyumanneET
2.2. Similarity Kernels for Diseases and ®)
MiRNASs where SyumanneT is the set of all links between genes in the
Our method is based on the assumption that miRNAs with hithumanNet database(k,9) is the link betweerk-th and sth

similarity apt to be related with the same diseases and diseadCNES: . S
Then, we de ne the functional similarity score between agyen

with high similarity apt to be related with the same miRNA. .

Therefore, we respectively establish three miRNA similarit;?"'jmdaset of gend3as Equation (6).

kernels and three disease similarity kernels to uncoverryiate

association between miRNA and disease. Fe(g) D g;nzaé(FS{g, %) ®)
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FIGURE 1 | The owchart of MDA-SKF for uncovering miRNA-disease assoetions.

The associations between diseases and genes are downloa@ed3. MiRNA Functional Similarity
from SIDD (Liang et al., 2013 We de ne the functional We construct miRNA functional similarity kerné{m1 2 RP P,
similarity score between diseases by Equation (7). according to MISIM (Vang et al., 201)Jproposed by Wang et al.
This method used the disease semantic similarity and thevkno
5 5 associations between miRNAs and diseases to structure miRNA
functional similarity kernel. HereKp, 1(m;, m;) is the functional
026 M6 (@ C 426 F5(9) (7)  similarity score between miRNAg; andm;. !

iGiCjGj

Ka,2(di, di) D

2.2.4. MiRNA Sequence Similarity
wherege 2 Gjandg 2 Gi; G and G represent sets of genes We obtain 495 miRNA sequences from miRBase

which are related to diseasgisandd;, respectively. database{ozomara and Grithsjones, 201¢ and calculate
Finally, we obtain the disease functional similarky, 2  sequence similarity of miRNAs by using the Needleman-
RA 9, Wunsch Algorithm. Then, we obtain miRNA sequence similarity
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kernelKm2 2 RP P, whereKm o(m;, m;) is the sequence similarity
score between miRNAs; andm;. P P

I Ptmr
PorD (S — 2 §pc@ X

réD Pgw,r

) (12)

2.2.5. Hamming Pro le Similarity

The assumption that similar diseases are always relatethttasi
miRNAs, is employed to uncover miRNA-disease association¥’ \ ! .
For a pair of vectors whose lengths are same, Hamming pro I8f I-th kernel aftert C 1iterations; 2 (0,1).
is the number of elements of which corresponding values Aft(_ert C 1 iterations, the overall kernel can be computed as
are dierent. Higher Hamming pro le value indicates lower Equation (13).

similarity for two vectors. Therefore, we use Hamming pro le 1
and the topologic information of all known associations to KmD =
measure disease similarity. Here, Hamming pro le simibarit 3 ID1

kernel for diseases is de ned as Equation (8).

hereP9,, represents the initial status &, Ptn?ll is the status

3
Pt (13)

Finally, a weight matrix is established to further elimi@atoise

jIP(d)! D IP(d); in the overall kernel as Equation (14).

Kga(di,dj) D 1 : . 8 8 :
a:3(ch. &) JIP(d)j ®) <1 ifmp2Ni\ mi2N;
Wm(m,m)D 0 ifm2ZN\ m2zN; (14)
whereKy 32 RY 9is the Hamming pro le similarity for diseases; " 05 otherwise

IP(ci) 2 f0, 1P 1is thei-th column of the association matriX. ) _ o _
Similarly, we calculate Hamming pro le similarity kernelrfo The integrated miRNA similarity kernel can be obtained as
miRNAs as Equation (9). Equation (15).
KnDwn K 15
jIP(mi)! D IP(my)] m = om (19)
JIP(M); ©) Similarity, we calculate the integrated disease simil&etyiel as
K,2 R
d

Km,3(mi, mj) D1

where Kms 2 RP P is the Hamming pro le similarity for
miRNAs; IP(m;) 2 f0,1g" 9 denotes thei-th row of the
associations matrix.

2.4. Laplacian Regularized Least Squares

In this paper, we use Laplacian Regularized Least Squares
(LapRLS) to uncover potential miRNA-disease associations. For
23 Similarity Kernel Fusion the miRNA subspace, The objective function of LapRLS is de ned

We extract three miRNA similarity kernels (miRNA functional as Equation (16).

similarity, miRNA sequence similarity, Hammin role S =2 =T =2
similaritz for miRNA) qand three disegse similarit?/ kpernels n';rlnn Y ol © ] FinLmFiml] £ (16)
(disease semantic similarity, disease functional siitylar
Hamming pro le similarity for disease) in the above section.

In the following, we use similarity kernel fusion (SKF) to b
integrate three miRNA similarity kernel&y,| D 1,2,3. associa}tion matrix in the miRNA subspadg; D Dm?(Dm
Therefore, we get the integrated similarity kerkg| 2 RP P. K)Dm?, in which Dy, is a diagonal matrix whose diagonal

Firstly, we normalize each original kernel by Equation (10) glement is the sum of the row elementsif.

The derivation of optimization algorithm were presented in
K (Mi, my) 10 Xia et al.q(_2010)vv_e calculate the predicteo_l association matrix
ot Keng (i 1) (10) Ry, 2 RP 9in the miRNA subspace as Equation (17).

whereY is the known association matrixi, is the regularization
coe cient of LapRLS.F,, 2 RP 9 represents the predicted

Pm(mi,m;) D R

. . Fm D Kyy(Kpy C©  mLmK,) 1Y 17

where P represents a normalized kermel and satis es m m(Km € mbmKm) (17)
m2m Pmi(Mi, mj) D 1. Similarity, we can calculate the predicted association &ty 2
Secondly, we construct a sparse kernel for each originakkernRd P jn the disease subspace as Equation (18).

by Equation (11).

Fa D Ky(Kq C glaKy) YT (18)
( 0 if mj 2 N; The predicted matrices in miRNA and disease subspaces are
Sy (Mi, my) D PK’“'(% if mj 2 N; (11)  F, and Fy, respectively. Then, we de ne the nal predicted
m2n; K (T5.M) association matrix as Equation (19).
where Sn) represents a sparse Kkernel and satises F CE
m2m Smi(Mi,mj) D 1;Ni represents a set of all neighbors of Fp-~_d (19)

m; including itself. 2
Thirdly, we integrate three miRNA kernels by Equation (12).whereF 2 RP 9.
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3. RESULTS databases, which provide a good condition for evaluating the
performance of MDA-SKF. We use two methods including global
In this section, we analyze the performance of MDA-SKF fromyalidation and local validation to further analyze the adiility
many aspects. First, we introduce three evaluation methodsf MDA-SKF. In the global validation, we regard 5,430 known
(global LOOCYV, local LOOCY, and 5-fold CV) and two validatio associations as training set that is used to uncover potential
methods (global veri cation and local veri cation) to anay  associations. These candidate associations are con rrpeted
the performance of MDA-SKF. Second, we discuss about th@iR2Disease and dbDEMC databases. In the local validation,
convergence and the parameter selection of SKF. Third, wgl known associations that are related to a special disea@se ar
compare the performance of SKF with SNF and average kerneéset to unknown ones. We use the rest of association asfigini
Fourth, we compare the performance of MDA-SKF with otherset to uncover potential associations for this special disease
excellent methods for uncovering potential associatiorte’een  These candidate associations are conrmed by the HMDD,
miRNAs and diseases. Fifth, we use case studies to furthgfirR2Disease, and dbDEMC databases.
evaluate the reliability of MDA-SKF.

3.2. Convergence Performance

3.1. Evaluation Criteria and Veri cation Since the convergence is very important for an iterative
Methods algorithm, we analyze the number of iterations of SKF. We
In this paper, we use two evaluation criteria including Areaénd de ne the relative error a&; D %ﬂ("tk in the process of

the Curve (AUC) and Area Under the Precision-Recall curveterations. We turn the number of iterations from 1 to 30 with
(AUPR) to evaluate the performance of models. AUC is the aregep 1 to calculate thE after each iteration. The convergence
under the receiver operating characteristic (ROC) curvectis  processes of three miRNA kernels and three disease kernels are
created by plotting true positive rate against false positite at  calculated in our experiments and the resultsEodre shown in
various threshold Settings. AUPR is the area under the curae t Figure 2 1t can be C|ear|y seen that the process of convergence
is created by plotting precision against recall at variousshold s very fast and the value &achieves to 10/ after 5 iterations.
settings. This phenomenon demonstrates that SKF model have excellent
In the process of experiments, global LOOCYV, local LOOCVgonvergence performance in the process of integrating multiple

and 5-fold CV are applied to evaluate the model's performanceernels. In this paper, we set the number of iterations as 10 to
In the global LOOCYV, one of 5,430 known associations is lefénsure that it is enough to converge.

out in turn as the test set, and other associations are reethin

as the training set. In the local LOOCYV, the known assocretio

between a special disease and all miRNAs are left out as tBe3. Parameter Selection

test set, and other associations are regarded as trainingnse In this section, we discuss about the parameter selectioiKBf S

the 5-fold, all known associations are randomly dividedoint There are two parametersand the size of neighbors denoted as

ve non-overlapping sets. each set is employed in turn to ag. For selecting parameter,we use 5-fold CV and local LOOCV

test set and other sets are employed to as training set. In the analyze the values of We take from 0.1 to 1 with step0.1in

process of experiments, the known associations in test set aveder to calculate AUC, shown iRigure 3. It can be found that

reset to unknown, that is to say, some 1 are replaced by 0 in th8UC keep little uctuation in the range between 0.1 and 0.9. As

association matriy . we can see, the value of AUC decreases by at least 0.1 whein
Massive associations between miRNAs and diseases #&removing the original kernel information). It demonstratéhat

obtained via the traditional experiment and stored in seleraretaining the original information of each kernel is sigonant for

5-fold CV Local LOOCV
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0.955 &
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FIGURE 5 | The AUC values of SKF model with different values of.
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integrating multiple kernels. In this paper, the value ofs set of 0.037 (0.9520 over 0.9150) and AUPR improvement of

t0 0.1. 0.2247 (0.5689 over 0.3442). Comparing with AVG, SKF achieve
Meanwhile, the number of neighbors is an important AUC improvement of 0.0268 (0.9520 over 0.9252) and AUPR

parameter in this paper. It is related to the amount of importantimprovement of 0.1458 (0.5689 over 0.4231). It shows thatiSKF

information and the noise reduction. In the 5-foldt, is taken more excellent than SNF at the aspect of uncovering assoegati

from 30 to 100 with step 3 to nd the optimal value. In the between miRNAs and diseases.

local LOOCYV, thek is gradually varying from 30 to 350 with

step 3 to nd the best value. Ifrigure 4, we select the optimal 3.5, Comparison With Other Existing

k by the highest AUC value, and nd that 36 and 192 are theyjaethods

best parameters df for 5-fold and local LOOCYV, respectively. |, s section, we compare the prediction performance of MDA-

_S|nce both global LOO'CV ar_1d 5-fold are simil&rjs set to 36 SKF with other seven existing methods [i.e., PBMDAO(

in the global LOOCV. Its obvious that the valueloin the local al., 201y, MCMDA (Li et al., 2017 NCPMDA (Gu et al.,

LOOCV is bigger than that in the 5-fold. In the local LOOCV,rou 2016, WBSMDA (Chen et al., 20)6HDMP (Xuan et al., 2013
method produces the novel disease without known miRNA—baseﬁl_S,\',lDA Chen and Yan 261)4and LRSSLMDACChén and

associations, so needs much more information about miRNA an11|uang 201Y] in global LOOCYV, local LOOCV and 5-fold CV.

disease S|m|Iar_|ty k_ernels. ) Because other existing methods employ 5-fold CV in their paper,
The regularization coe cients of LapRLS.m and 4, are ;e choose 5-fold CV rather than 5-fold CV in this section.
closely related to the performance of LapRLS. We makequal |, Table 1, MDA-SKF obtains the highest AUCs in 5-fold CV
t0_gin this paper. To get obtain the optimal, we take from (9 9501) and global LOOCV (0.9536), but NCPMDA obtains
2 ““to 2™ and use 5-fold CV and local LOOCV to analyze they,q pegt auc (0.8584) in local LOOCV. Comparing with other

performance of LapRLS with di erent values of The results are existing methods, MDA-SKF achieves AUC improvement of
shown inFigure 5. As seen irfFigure 5 the AUC decreases when at least 0.0358 and 0.0316 in global LOOCV and 5-fold CV,
increases from 2to 219 and keeps slight change whenless respectively.

than 2 3 and 2 for 5-fold CV and local LOOCYV, respectively.
In the 5-fold CV, the best AUC is 0.9553 wherare 2 °. In the
local LOOCYV, the best AUC is 0.8356 wheris 2 1. Therefore,
we select the optimal as 2 ® and 2 1 for 5-fold CV and local
LOOCYV, respectively.

TABLE 1 | The comparison results between SKFMDA and other seven
computational methods.

Methods Global LOOCV Local LOOCV 5-fold CV
3.4. Comparison With Other Fusion . 09160 08301 09172
Strateg'es o MCMDA 0.8749 0.7718 0.8767
In this section, we compare the performance of Similarity K&rn oy 0.9073 0.8584 0.6763
Fusion (SKF) with Similarity Network Fusion (SNF) and ag®a | ocvioa 0.8030 0.8031 0.8185
kernel fusion (AVG). The results demonstrate that SKF have o 0.8366 0.7702 0.8342
signi cant performance in integrating multiple kernels. Weseu RLSMDA 0.8426 0.6953 0.8569
5-fold CV to evaluate the performance of three fusion strgeg | .o o, 0'9178 0'8418 0'9181
The results are shown ifigure 6. It can be observed that the 05576 0.8356 0'9557

best AUC of 0.9520 and the best AUPR of 0.5689 are obtained
by SKF. Comparing with SNF, SKF achieves AUC improvemersbld values represent the best value in columns.

1 AUC 1 AUPR
SNF=0.9138 SNF=0.3402
0.9 SKF=0.9557 0.9 SKF=0.5936
AVG=0.9137 AVG=0.3661
08t 038
0.7 r 0.7
5. 0.6 06
2 S
% 05 § 05
5 3
P 04 %04
0.3 0.3
0.2 02
0.1 0.1
0 I | | ; | | I | | | 0 | I | ; L L L L L f
0 01 02 03 04 05 06 07 08 09 1 0 01 02 03 04 05 06 07 08 09 1

1-Specificity Recall

FIGURE 6 | The AUC and AUPR of three fusion strategies in the 5-fold CV.

Frontiers in Genetics | www.frontiersin.org 8 December 2018 | Volume 9 | Article 618


https://www.frontiersin.org/journals/genetics
https://www.frontiersin.org
https://www.frontiersin.org/journals/genetics#articles

Jiang et al. MDA-SKF

TABLE 2 | The results of global validation and local validation.

Disease Global validation Local validation
GVa P1(%)P D1°¢ P2(%)4 Success | Lve P3(%)" D29 P4(%)" Success |

Adrenocortical carcinoma 11 22 69 13.94 27 54 99 20
Biliary tract neoplasms 2 4 136 27.47 6 12 144 29
Bladder neoplasms 32 64 95 19.19 39 78 126 25
Brain neoplasms 44 88 222 44.85 45 90 224 45
Breast neoplasms 43 86 394 79.60 50 100 433 87
Cervical neoplasms 37 74 108 21.82 38 76 109 22
Chordoma 16 32 59 11.92 19 38 59 12
Colon neoplasms 43 86 344 69.49 46 92 354 72
Colorectal carcinoma 45 90 385 77.78 50 100 425 86
Endometrial neoplasms 5 10 33 6.67 21 42 62 13
Esophageal neoplasms 39 78 262 52.93 43 86 277 56
Gastric neoplasms 42 84 342 69.09 50 100 401 81
Head and neck neoplasms 28 56 164 33.13 40 80 187 38
Hepatocellular carcinoma 43 86 326 65.86 49 98 326 66
Kidney neoplasms 44 88 314 63.43 43 86 316 64
Leukemia 44 88 243 49.09 46 92 243 49
Liver neoplasms 16 32 79 15.96 32 64 113 23
Lung neoplasms 45 90 376 75.96 50 100 394 80
Lymphoma 47 94 337 68.08 48 96 339 68
Melanoma 31 62 283 57.17 49 98 321 65
Mesothelioma 14 28 82 16.57 22 44 103 21
Nasopharyngeal neoplasms 33 66 272 54.95 38 76 276 56
Carcinoma, neuroendocrine 7 14 33 6.67 8 16 36 7
Carcinoma, oral 32 64 190 38.38 41 82 201 41
Ovarian neoplasms 33 66 299 60.40 48 96 340 69
Pancreatic neoplasms 43 86 388 78.38 50 100 397 80
Prostate neoplasms 45 90 296 59.80 49 98 339 68
Retinoblastoma 17 34 105 21.21 33 66 121 24
Sarcoma 40 80 206 41.62 38 76 206 42
Skin neoplasms 0 0 2 0.40 0 0 9

Testicular neoplasms 1 2 4 0.81 2 4 10

Thyroid neoplasms 23 46 115 23.23 33 66 140 28

aGV is the number of con rmed associations in top 50 when using global alidation. PP1 is the proportion of GV in the top 50 associations®D1 is the number of miRNAs. Those
miRNAs are associated with special disease and belonging to 498 miRNAThe associations between those miRNAs and special disease can be veeid from databases, like dbDEMC
or miR2Disease YP2 is the proportion of D1 in the 495 mIRNASELV is the number of con rmed associations in top 50 when using local validath. fP3 is the proportion of LV in the top
50 associations.9D2 is the number of miRNAs. Those miRNAs are associating with specidisease and belonging to 498 miRNAs. The associations between those miRNAsid special
disease can be veri ed from databases, like dbDEMC or miR2Disease or HMDIP4 is the proportion of I2 in the 495 miRNAs./For global validation, It demonstrates that MDA-SKF
gets excellent performance when P1 is larger than 2. For local validation, It demonstrates that MDA-SKF gets excellent performae when P3 is larger than . It is recorded as
otherwise it is recorded as .

3.6. Case Studies candidate associations are found3upplementary Table 1The

In this section, we employ global validation and local vaiola  statistical results are shown ifable 2 GV and LV are the

on multiple important human diseases to further evaluate thenumbers of con rmed associations in the top 50 by using global
reliability of MDA-SKF. To evaluate the performance of MDA- validation and local validation, respectiveBl and P3 are the
SKF, we select 32 diseases associated with more miRNAs.pioportion of con rmed associations in the top 50 by using
the global validation, 5,430 associations are used to wercovglobal validation and local validation, respectivedl is the
potential associations. In the local validation, for a spetitease, number of miRNAs, and those miRNAs are associated with
all known associations related to this special disease aet respecial disease and belonging to 498 miRNAs. The associations
as unknown associations. Then, other known associatioas abetween those miRNAs and special disease can be veri ed from
implemented to uncover potential associations. We extrapt todatabases, like dbDEMC or miR2DiseaB2.is the proportion

50 candidate associations for each special disease. Alcfgédi of D1 in the 495 miRNAsD2 is the number of miRNAs, and
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those miRNAs are associated with special disease and befpngiocal validation. It demonstrates that MDA-SKF has excellent
to 498 miRNAs. The associations between those miRNA anetliability for uncovering the associations between miRN#sl
special disease can be veri ed from databases, like dbDEMC diseases.

miR2Disease or HMDDP4 is the proportion ofD2 in the 495 To nd some important mMiRNAs and potential associations,
miRNAs. In Table 2 we nd that P1 and P3 are signi cantly we analyze candidate associations relating with eight ingort
greater tharP2 andP4 for the majority of diseases, respectivelyhuman diseases (Breast Neoplasms, Colorectal Carcinoma,
excepting Biliary Tract Neoplasms and Skin Neoplasms. We alsgastric Neoplasms, Pancreatic Neoplasms, Lung Neoplasms,
nd that all candidate associations related with ve disesas Colon Neoplasms, kidney neoplasms, lymphoma). Among them,
(Breast Neoplasms, Colorectal Carcinoma, Gastric Neoplasnsx disease (Breast Neoplasms, Colorectal Carcinoma, iGastr
Pancreatic Neoplasms, and Lung Neoplasms) are con rmed fdieoplasms, Pancreatic Neoplasms, Lung Neoplasms, Colon

FIGURE 7 | The case study in the global veri cation. The red line represgs uncon rmed; the green line represents con rmed.
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FIGURE 8 | The case study in the local veri cation. The red line represeés uncon rmed; the green line represents con rmed.

Neoplasms) are the top six diseases that are related to mofe CONCLUSIONS
miRNAs in the dbDEMC and miR2Disease database, and kidney
neoplasms and lymphoma are used as case studies in ma¥§e propose MDA-SKF to uncover potential miRNA-disease
previous paper. associations in the paper. First, we extract three miRNA kernel
In the global validation, we gain a total of 400 candidatemMiRNA functional similarity, miRNA sequence similarity,
associations for eight diseases. The con rmed resultskoais  MIRNA Hamming pro le similarity kernel) and three disease
in Figure 7. In Figure 7, the red line represents uncon rmed kernels (disease semantic similarity, disease functiomélesity,
and the green line represents conrmed. It can be nd thatdisease Hamming prole similarity kernel) to embody the
most of candidate associations are con rmed by the miR2Rieea Similarity of miRNAs and diseases, respectively. Then, we
and dbDEMC databases. It is obvious that ve diseases afgopose Similarity Kernel Fusion (SKF) model by using original
related to the same set of MiIRNASs, including hsa-let-7g,thga- information of each kernel and the newly designed noise-
1, hsa-mir-106b, hsa-mir-142, hsa-mir-15b, hsa-mir-2a8d reduction methods to better integrate multiple kernels. Then
hsa-mir-29a. Laplacian Regularized Least Squares (LapRLS) is employed
In the local validation, we also gain a total of 400 candidat®n integrated kernels to uncover potential miRNA-disease
associations for eight diseases. The con rmed resultsleoeis ~ associations.
as Figure 8 In Figure 8 we nd that most of 400 candidate ~ Many experiments show that compared with other seven
associations are con rmed by the HMDD, miR2Disease and®utstanding models, MDA-SKF has better precision on the three
dbDEMC databases. It is obvious that eight diseases atedela €valuation methods (global LOOCYV, local LOOCYV, and 5-fold
to the same set of mMiRNAs, including hsa-let-7a, hsa-lehga;  CV). In order to further evaluate the reliable of MDA-SKF, two
mir-1, and so on. It is worth noting that three associations,validation methods (global validation and local validaficare
hsa-mir-34c and kidney neoplasms, hsa-mir-34c and lymphomalsed to execute case studies of 32 diseases. A large number of
hsa-mir-34c and colon neop|asm3, are uncon rmed in thecandidate associations are con rmed by the HMDD, dbDEMC
current databases. Meanwhile, hsa-mir-34c is related teroth and miR2Disease databases. In addition, three associgtisas
ve diseases in the database. Therefore, we believe thae thénir-34c and kidney neoplasms, hsa-mir-34c and lymphoma, hsa-
three novel associations have a high probability of linkag&ir-34c and colon neoplasms) and some special mRNAs (hsa-

between miRNAs and diseases, and they need more attention ig{-79, hsa-mir-1, hsa-mir-106b, etc) need more attentidhe
Subsequent traditional experiments_ future work may further take more machine Iearning methods
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and more similarity kernels into account to accurately umeo the data. FG and LJ wrote the paper. FG and
associations between miRNAs and diseases. Also, simaaegyr JT supervised the experiments and reviewed the

can be applied in the other link prediction problems, suchmanuscript.
as circular RNA detectionZeng et al., 2017)p disease gene
prediction Zeng et al., 2016a, 20)@nd sequence analysizsiu
etal., 2018
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