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Abstract Numerous studies have demonstrated that human
microRNAs (miRNAs) and diseases are associated and studies
on the microRNA-disease association (MDA) have been
conducted. We developed a model using a low-rank
approximation-based link propagation algorithm with Hilbert—
Schmidt independence criterion-based multiple kernel learning
(HSIC-MKL) to solve the problem of the large time
commitment and cost of traditional biological experiments
involving miRNAs and diseases, and improve the model effect.
We constructed three kernels in miRNA and disease space and
conducted kernel fusion using HSIC-MKL. Link propagation
uses matrix factorization and matrix approximation to
effectively reduce computation and time costs. The results of
the experiment show that the approach we proposed has a good
effect, and, in some respects, exceeds what existing models can
do.

Keywords human miRNA-disease association, multiple
kernel learning, link propagation, miRNA similarity, disease
similarity

1 Introduction

Human miRNAs are noncoding RNAs and play several
important regulatory roles. Typically, they contain between 20
and 25 nucleotides [1]. They are closely related to life and
other biological processes, including cell differentiation,
development, and proliferation [2,3]. Studies have found that
the expression levels of miRNAs are associated with human
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diseases such as Lymphoma, Alzheimer’s disease and
Diabetes [4—10]. For example, previous research has shown
that hsa-miR-146a is associated with human breast cancer, and
the metastasis of cancer cells can be controlled by its
expression levels [11—14]. Therefore, the identification of
MDA is helpful to explore the causes of human diseases and is
crucial for the diagnosis and treatment of human disecases
[15,16]. Traditional biological experimental methods involve
complex experimental steps and expensive experimental
instruments, and are time-consuming, and have a high
experimental cost. Hence, the need to develop computational
techniques for accurately and swiftly identifying MDA is
critical.

In recent years, researchers have successfully created
several computational approaches for identifying MDA
[17-19]. Network-based approaches [20] and machine
learning-based approaches [21,22] can be used to categorize
these studies. Constructing feature kernels and using them to
build appropriate models to predict potential associations are
the two most important steps in network-based approaches. To
identify MDA, many previous studies used machine learning-
based approaches [23—25]. By using a variety of information
to construct kernels, such as the functional kernel and known
MDA in miRNA space and the semantic kernel of disease and
Gaussian Interaction Profile (GIP) kernel in disease space,
Chen et al. [26] created the WBSMDA model for identifying
MDA. Chen et al. [27] developed the MDHGI model by
performing matrix decomposition before using heterogeneous
graphs to inference MDA prediction. To identify MDA, Ding
et al. [28] utilized a hypergraph regularized bipartite local
model in combination with Laplace SVM. Chen et al. [29]
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developed a model for predicting MDA using inductive matrix
completion, called IMCMDA. In the model NCMCMDA [30],
neighborhood constraint matrix completion is used to predict
MDA. Neural networks have also been applied in previous
studies. A deep ensemble model, the DeepMDA proposed by
Fu et al. [31], extracts features from similarity information and
makes predictions using a three-layer neural network. The
PCFM model proposed by Zeng et al. [32-34] is a
probabilistic collaborative filtering model that effectively
reduces the computational cost but also achieves good
performance. Additionally, the development of the model has
involved a great deal of work from numerous researchers. To
determine potential MDA, Chen et al. [35] used random walk
with restart for MDA (RWRMDA). Van Laarhoven et al. [36]
utilized the GIP similarity kernel to raise the effectiveness of
WBSMDA. Gu et al. [37] created a Network Consistency
Projection for the MDA (NCPMDA) approach to discover the
potential MDA.

Our work aims to construct a well-behaved model for
predicting MDA by utilizing the enormous amount of genomic
data presently available. We first constructed three similarity
kernels in the feature space, miRNA, and disease, and
comprehensively considered their GIP. In addition, sequence
information and functional information of miRNAs, as well as
semantic and functional information of diseases, are also used.
By using HSIC-MKL, the dependence of the feature space and
label space are maximized to obtain the weights used to fuse
the kernels. By using the normalized fuse kernels and the
known association information, low-rank approximation-

In this paper, we document a number of significant
contributions made by our research to the field of
bioinformatics: (1) HSIC-MKL is used to effectively fuse the
similarity kernels of miRNA space and disease space; (2) The
low-rank approximation-based link propagation is used, which
significantly reduces the computational cost while maintaining
good accuracy; (3) Experiments show that our model achieves
excellent results, and outperforms current techniques.

2 Materials and methods

In our study, we established similarity kernels of miRNA and
disease to predict MDA, and the kernel methods has been
applied in various previous studies [38]. HSIC-MKL was used
to fuse kernels. Then, the fused kernels were normalized. By
using the similarity information of links and nodes, link
propagation based on matrix decomposition is used to make
association predictions. A schematic diagram of our approach
is shown in Fig. 1.

2.1 Problem description
There are two node sets Mz{ml,mz,...,mp} and D=

{dl,dz,...,dq} in the benchmark dataset that can be
downloaded from the HMDD database [39], representing
miRNA and disease, respectively. In this paper, p = |M| and
q =|D| are defined as the number of nodes, and their values
are 495 and 383, respectively. Adjacency matrix Y stores the
5430 associations between miRNA and disease and satisfies
Y € RP*4, and the elements therein are defined as
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Fig.1 Schematic diagram of our proposed method
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Our aim was to predict the possibility of an association
being established between two nodes. We call this possibility
link strength and store it in a matrix ¥ of the same size as Y.
The larger the element ?, ; in the matrix Y is, the more
confident the algorithm is about the association between m;
and d;.

To complete the semi-supervised learning task and better
evaluate the performance, we randomly mask the adjacency
matrix Y. The process of masking is shown in Fig. 2. The
black square represents the association while white square
represents the non-association between miRNA and disease in
the corresponding position of the matrix. Then, we obtain the
masked matrix Y., by randomly changing some elements of
the matrix ¥ to 0, where the masked parts are represented by
yellow squares and regarded as the validation set or testing set.
And the unmasked parts are treated as the training set. and the
rest is the training set. The algorithm calculates the matrix ¥
by predicting the MDA. In the matrix Y, the masked part is
represented by gray square.

In this study, we employed three techniques to assess the
model’s efficacy. We used 5-fold cross validation (5-CV) to
assess the performance of predicting the link strength of an
association between miRNA and disease on the adjacency
matrix Y. In 5-CV, all MDA are randomly divided into 5
groups. One group serves as a test set, while the remaining
four groups serve as training sets. In the global leave-one-out
cross validation (global LOOCV), every one of the 5430
known MDA is taken into consideration as the test samples for
research, while the rest are handled as training samples. In
particular, 5-CV and global LOOCV evaluate the model’s
ability to exploit existing MDA to discover potential MDA. In
biology, there is a situation where if a miRNA is newly
discovered and does not have any known MDA, its association
with disease needs to be predicted by the model. And then
local leave-one-out cross validation (local LOOCYV) is used to
evaluate the model’s performance of predicting the
associations of newly discovered miRNAs with diseases. The
local LOOCV only considers the disease association of a
specific miRNA (corresponding to a column of the matrix Y).

Identification of human microRNA-disease association via link propagation and multiple kernel learning

In the local LOOCV method, one row of the matrix Y is
completely masked as a test set and the rest as a training set,
which is shown in Fig. 2.

2.2 MiRNA kernels

There are three similarity matrices used to describe the
similarity of miRNAs: the sequence similarity kernel, the
functional similarity kernel, and the GIP kernel, which are
widely used in related previous studies [40,41].

MiRNA sequence kernel

From the miRBase [42] database, we obtained all 495 miRNA
sequences. The similarity of the sequence can then be
extracted using the Needleman-Wunsch algorithm. After that,
the information is kept in the kernel matrix K, ; € RP*P.

MiRNA functional kernel

In accordance with the MISIM proposed by Wang et al. [43],
we created a miRNA functional similarity kernel K,,,» € RP*P.
The disease semantic similarity, and established links between
miRNAs and diseases were used in this strategy to structure
the kernel of miRNA functional similarity K, .

Gaussian interaction profile kernel for miRNAs

Fig. 3 shows the calculation process of the GIP kernel. For all
associations of miRNA and disease with random masks, we
obtain the adjacency matrix Y., where 1 represents the
association and 0 represents either non-association or masked
samples. In Fig. 3, pr,,. is a disease profile that corresponds to
a specific miRNA ms. All 495 disease profiles of miRNAs can
be obtained from the adjacency matrix Y;.4,. Then, the
elements of the GIP kernel matrix can be calculated as

). @)

where pr,, and pr,, are the disease profiles of miRNAs m;
and m;, respectlvely, and y denotes the bandwidth and is set to
1 in this paper.

K3 (mi’mj) = eXP(‘?’“P"m,- — Py,

2.3 Disease kernels
In our study, we use the semantic similarity kernel, the
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Fig.3 The profile of miRNA and disease

functional similarity kernel, and the GIP kernel, to describe
disease information, and the effectiveness of using these
kernels has been widely demonstrated in previous studies
[44,45].

Disease semantic kernel

In the MeSH [46] database, directed acyclic graphs (DAG) are
used to represent disease information. In DAG, diseases are
treated as nodes, and edges represent connections between
diseases. We define the set of ancestor nodes of a particular
disease d; as Py4; and the set of corresponding edges as Ej;.
Then, the set T is defined as follows:

Ty, =Py N{d;}. 3)
DAG can be defined as follows:
DAGy, = (di,Td,-,Ed,-), 4
and then the semantic score for disease r € Ty, is
D (1 ,if t=d;,
da; (1) = max {p * Dy, (t,) |t € childrenof t} Jif t#d;,
®)
where p is the contribution factor, and its value is 0.5 in our
study.
After that, the semantic score of the disease d; is defined as
DV (d;) = ZIE% Dy, (1), (6)

we can calculate the elements of semantic kernel matrix
K;1 € R as

Serynty, (Pa, () +Da; (1)
DV (d;)+ DV (d))

Ka (di,d j) = (7)

Disease functional kernel

Calculating the functional similarity of diseases involves
associations between genes and diseases [47,48]. The log
likelihood score (LLS) can be obtained from the HumanNet

database [49], which measures the probability that two genes
in the database have a functional relationship. The normalized
LLS can be computed as

s L(gk’ gs) = Linin
L7 (8. 8s) L L. ®)
where L(gk,gs) and L*(gk,gs) are the LLS and normalized
LLS between the kth and sth genes, respectively. In
HumanNet, L,;, and L., represent the minimum and
maximum values of LLS, respectively.

In this study, F'S (gk,gs) is used to represent the functional
similarity score between the kth and s-th genes, and its
equation is as follows:

1 Jifk=s,
L (8k.85) ifk#sne(k,s) €S HumanNET>
0 JAfk# sNe(k,s) ¢S HumanNET»
©)

where e(k,s) represents the association between two genes
and S gumanneT 18 the set containing all genetic associations in
the database HumanNet.

Then, the functional similarity score between a gene g and a
set of genes G is as follows:

Fg(g) =maxFS§ (g,8s).
8s€G

FS (gk,85) =

(10)

We can download the association between diseases and
genes in SIDD [50]. Diseases d; and d; correspond to gene
sets G; and G, respectively, and then we can calculate the
elements of the functional similarity score K;, € R9? as

ngEGjFG,' (gk) + ZgSEG,'FGj (gS)
Gil+|G,

Kyo(didj) = (11)

Gaussian interaction profiles kernel for diseases
Similarly, we obtained the miRNA profile of all diseases in
the adjacency matrix Y, so that each element of the GIP kernel
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matrix K;3 € R?*Y can be computed as

K3 (di,dj) =exp (—'prrd[ _p,.deZ)’ (12)

where the value of y is 1.

2.4 Hilbert—Schmidt Independence Criterion-based multiple

kernel learning

As shown in Table 1, we acquired three miRNA kernels and
three disease kernels. We can calculate the weight of miRNA
kernels and disease kernels through multiple kernel learning
(MKL) to obtain the optimal kernel. In this way, we can use
all the kernels of miRNA space and disease space, and the
model adopts more information, which aids in enhancing the
performance of the model. By defining a kernel set K
containing P kernels, the optimal kernel can be obtained as

’ P
K= mkK (13)

where K? e RM*V, and 7, denotes the weight of the pth
kernel. To calculate the weight, HSIC-MKL [51,52] is
employed.

We define that X = {x1,x>,...,xy}7 € RV*¢ is the original
feature of d dimensions of N samples, and Y € R¥*! is the
labels of these samples. We can derive a series of observations
from probability distribution Pr,,, defined as

Z={(x1,y1),....,(xn,yN} C XX Y. (14)

HSIC calculates the cross-covariance operator on the

domain X x Y to determine the independence between X and

Y. The feature set X and label set ¥ can be mapped to F and

G by the mapping ¢:X > F and ¢ :Y — G. Then, we

defined their expectations as p, and u,, respectively. The
kernel function of X is as follows:

k(xixj) = (6 (xi).6(x))). (15)
Similarly, the kernel function of Y is defined as
1(vioyj) = (wOi).u (v)))- (16)

The following equation can be used to determine the cross-
covariance operator Cy,:
ny = Lx,y [‘/’(x)@w()’)] — HxMy, a7

where E, , denotes the common expectation of x and y. Then,
we can write the HSIC operator as:

2
Co|, - (18)

Then, we define I as the identity matrix, and it satisfies
I € RVN<N . By defining e = [1,...,1]7, we can obtain

HSIC(F,G,Pry) =|

Table 1 Summary of similarities for two feature spaces

Space Kernel  Description
Kin Sequence information of miRNA
MiRNA K2 Functional information of miRNA
K3 Gaussian interaction profiles for miRNA
K Semantic information of disease
Disease Kain Functional information of disease
Ka3 Gaussian interaction profiles for disease
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eel

H=I-—-. (19)

Note that H is the centering matrix, and it satisfies
H € RV*N . Then, we can make an empirical estimate of Z set
as

1 2 1
HSIC(F,G,Z)= —tr(KU)— —e" KUe + —e' Kee' Ue
N2 N3 N4
1 1 o1 -
=5 [tr(KU) - Ntr(KUee )- Ntr(UKee )

+ %tr (UeeTKeeT)}

1 1 1
= —tr|K[I- =ee” |U[I-—ee”
N r[ ( Nee )U( Nee )}

1
= ﬁtr(KHUH) 2 HSIC(K,U),
(20)
where K,U € RV*N are kernel matrices, as K;; = k(x,-,xj) and

Ujj= l(yi,yj). Note that the value of HSIC (K, U) is related to
the dependence of K and U, and the higher it is, the stronger
the dependence of K and U. In addition, it should be in the
range of 0 to 1; when it is equal to 0, we think that K and U
are independent or irrelevant. We define Frobenius inner as

21

Then, we defined W as the cosine similarity matrix between

(K.U)p =1tr(K"U).

two kernels satisfying W e R™P” and the equation is as
follows:
. (K,U)p
Aligned(K,U) = —————, 22
8 IKIIAUlIF 22

where ||K||r = \/(K, K)F is the Frobenius norm. D is defined
as a diagonal matrix that satisfies W € R"P, and its elements
can be calculated as

(Dxlij= ) Wl

Then, the graph Laplacian matrix Ly € R”* is defined as
L,=D;-W, (24)

we can write the Laplacian regular term as
P 2 P s 5
Zi’](m - 77/) Wij= Zi,j (775 +15 = 27]i77j) Wij

P 2 P 2 P
= Zi n;Dji + Zj n;Djj —Zzi’jnijij

=2n" Lgn.

(23)

(25)

Inspired by multiple kernel learning [53] and HSIC [51,54]

and classified by key properties [55], we obtain the convex
optimization problem and its objective function as follows:

. 1 / T 2
1771,1[1<r,1—mtr(K HUH)+V1II Lgn+v|lnll°,

, P
subjectto K = Zp_lnpK[’,

ZZ:lnp =1

(26)
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where the first term comes from HSIC, which measures the
dependence between K and U and makes the label space and
feature space more dependent by minimizing its value. The
second term is the graph regularization term, which assists in
smoothing the weights, and the last term is the 2 norm
regularization. Note that 5 is the kernel weight, and K’ is the
optimal kernel. When we use the above function to estimate
the weight 7, to obtain the optimal miRNA kernel K;,,, the
label kernel U is written as

U= YtrainY[];ain- (27)
For the optimal disease kernel K'd, we can write
U= Ytj;czin Ytrain' (28)

Finally, the normalized miRNA kernel K}, [56] can be
calculated as:

&l (29)

Similarly, the normalized optimal kernel K, can also be
obtained.

2.5 Link propagation

As in label propagation [57,58], by changing the application
scope of the label propagation principle from a single node to
a pair of nodes, the principle of link propagation is expressed
as “two nodes similar to each other may have the same link
strength” [59]. We obtain the following objective function to
minimize:

2 o T s

2+ Evec(Y) Lvec(Y), (30)
where the first term, which serves as a loss function, comes
from the Kronecker Regularized Least Squares approach,
which matches the prediction’f and target values Y, of the
known part of the network. In addition, it is a regularization
term to increase numerical stability and makes the prediction
close to zero. The second term indicates that the greater the
similarity between two pairs, the closer the value of their link
strength values. o plays a role in balancing the first term and
the second term, and it should be greater than 0. I, is a
Laplacian matrix and satisfies I ¢ RP9*P4.

Laub [60] defined ® and &to represent the Kronecker
product operator and the Kronecker sum operator,
respectively. Kashima et al. [61] proposed using the
Kronecker product Laplacian or Kronecker sum Laplacian,
and the corresponding equations are as follows:

J(Y) = %Hvec (?) —vec (Yirain)

L=D;®D,-K,;®K,, 3D
L=D;®D,-K;sK,, (32)

where D, and D, are diagonal matrices defined as
Dulii= (K (33)
Dyl = Kl . 34
[ d]l,z Z][ d]i,j ( )

Moreover, we use the normalized Kronecker product

2024, 18(2): 182903

Laplacian matrix and Kronecker sum Laplacian matrix to
facilitate derivation of the solution:

L=1-(D;®D,) % (K;®K;)(Dy®D,)?

1

_1 _1 _1 _1
=1—(Dd2K;Dd2)®(Dm2K;Dm2), 35)
_% * _% _% * _%
LEI—(I—Dd KdDd )@(I_Dm KmDm )
oo 07t k2 7
=31-(D KD, Jo (D K, D). G6)

As a matter of convenience, we define the following
matrices:

=

—_ _1
K =D,’K'D

n m > (37)
% epirept
K;=D,/ K;D,”, (38)
and obtain the general form of Eq. (35) and Eq. (36) as
L=bI-K, (39)
whereK is defined as

— K:®K* ,using Kronecker product,

& ~d S g p (40)
K:; ® K, using Kronecker sum,

and for the value of b, when the Kronecker product is used,
the value of b is 1; when the Kronecker sum is used, the value
of bis 3.

Minimizing the objective function with respect to ¥ and
plugging Eq. (39) into the equation we obtain the system of
linear equations as

vec(¥) = ((1+b0) 1K) vee ¥ipain). (41)
Reducing the size of the matrix without losing accuracy is
helpful for saving calculation costs. For this purpose, the low-
rank approximation of matrices is carried out. The
approximation technique we use in this paper is based on
singular value decomposition. Other matrix approximation
techniques, such as incomplete Cholesky decomposition, can
be employed as well. By singular value decomposition of the
matrix K}, we can obtain

K:, =UxvT, (42)

According to the Eckart-Young-Mirsky theorem [62], after

singular value decomposition of kernel matrix Kj,, the

minimum p—p singular values of matrix ¥ are zeroed to

obtain matrix X5. The parameter p is the approximate rank set

by the users. The low-rank approximation of kernel matrix K,
can be calculated as

(43)

Since the kernel matrix K},is a symmetric positive definite
matrix, we define the following matrix:

o yr_vy_vy/ T
K, ~ UEVE.

1
Gy = UpE2, (44)

we can obtain
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1 I\T
* -2 [1-v2) ~ T
K, ~ U UpZ; ) ~ GG, (45)
Similarly, the low-rank approximation of the kernel matrix
K’,can be calculated as

1 T
Ky~ U2 (UzE2) ~GuG. (46)

Therefore, we can define the matrices as follows:

—~ 1

~ _1
G,=D,’G,. (48)

The normalized kernel matrices E;‘n and ﬁ; can be written
as
~. _1 .
K, ~ D,’G,G,,D,*=G,G,,

m

(49)

—_ 1

K~ DdeGgD;%=5d5§. (50)

Since 5,7;15," € RP*P, we can easily perform the

eigendecomposition of 5,7,;5,,, to obtain the eigenvectors and
eigenvalues satisfying

G G, = Upndiag (z,j”,z,,f”,...,zﬁ)ﬁ,ﬁ. (51)

The eigenvectors of approximate kernel matrix E;, may now
be calculated as

1 = @)

_1
A ) 62)

Vou = G Udiag(

Similarly, through eigendecomposition of égéd, the

eigenvector of approximate kernel matrix K; can be obtained
as

Bl

2 Y @)_ (53)

— — — — (1) —
V= GdUddiag(/ld( ),/ld ooy Ag

Note that we have the following theorem for the
eigendecomposition of the Kronecker product and Kronecker
sum: if the eigenvalues of the matrices K, and K} are

— @\P — ()9
{/lm(l)} and {/ld(j)} and the corresponding eigenvectors
i=1 =1

are V,, and V,, then the eigenvectors of E;"n ®EZ and K’; @ E:;
are both

V=V,0V,, (54)
and their eigenvalues are as follows:
[/—\] _ { /_lm(l:)/_ld(j),qsing Kronecker product, (55)
i,j /_1m(l) + /_ld(]), using Kronecker sum.
We note that
Vv=1, (56)

and by using the Woodbury Equation [63], we can compute
the target function as

vec (?) = 1 vec (Yirain)

+bo

* m‘_/di"g (vee (5))‘_’Tvec Yirain),  (57)
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where D is defined as

{ ! cr(1+bcr)[x] _

- _ B _ y
[D]i’j_ aoln| . 1+bo l+bo—o|A| %)
ij

l?‘l
Then, we can get rid of the vec operator, and using vec-trick
techniques [60,64], obtained the final state of the solution as

1

Y=——
1+bo

train

= (= (=T = \\=T
where * is the Hadamard product operator.

In summary, we obtained two types of Link Propagation:
Link Propagation using the Kronecker sum (LP-S) and Link
Propagation using the Kronecker product (LP-P).

The overview of the approach we propose is summarized in
Algorithm 1.

3 Results

3.1 Evaluation measurements

Two assessment criteria, area under the curve (AUC) and area
under the precision-recall curve (AUPR), were used in our
study to assess the model performance. These criteria are also
widely used in related studies [28,65—67]. The area under the
receiver operating characteristic (ROC) curve is calculated by
graphing the true positive rate versus the false-positive rate at
various threshold values to produce the AUC. The AUC
ranges from 0 to 1 but is rarely less than 0.5. Generally, if the
AUC value is greater than 0.5, we believe that the
performance is better than random guessing. A high AUC
value indicates good model performance. The area under the
curve formed by graphing precision against recall at various
threshold levels is known as the AUPR. As with the AUC,
AUPR should also be greater than 0 and less than 1, and the
higher its value, the better the model works.

3.2 Parameter selection

Grid search machine learning is one of the most common,
intuitive, and effective parameter adjustment methods and is
used to obtain the optimal parameter under 5-CV. Link
propagation contains three parameters that need to be adjusted,

Algorithm 1 Algorithm of HSIC-MKL+LP

Require: The masked matrix ¥ ;pqin € RP*9, the miRNA similarity kernels K, 5,
K2 Kz € RPP and the disease similarity kernels Ky, Kgo K3 €
R Three parameters g, P, and g for link propagation;

Ensure: The prediction of link strength matrix ¥ € RP*9;

: Computing the miRNA and disease similarity kernels, which are list in Table 1;

N

: Computing the miRNA kernel weights 1, and disease kernel weights 1, by using
HSIC-MKL, respectively, and using the weights to fuse the kernels, and obtained the

optimal miRNA kernel K7, and the optimal disease kernel Kj;

w

: Using Eq. (28) to normalize the optimal kernels, and get the normalized miRNA kernel

K7, and the normalized disease kernel K};

o

: Computing the low-rank approximation of the matrix Kj, and K; by Eq. (44) and Eq.
(45);
: Computing the matrices G, and G4 by Eq. (46) and Eq. (47);

o w»n

: Computing the eigen decomposition of G5,G,, and GGy as in Eq. (50), and get the
eigenvalues and the corresponding eigenvectors;

=

: Using Eq. (57) to compute the matrix E;
8: Estimating the ¥ by Eq. (58).
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which are o, p and g. o is the regularization parameter and
should have a value greater than 0. The p and g represent the
rank of the approximate matrix of the miRNA kernel and
disease kernel, respectively. Hence, p and g should both be
positive integers, less than 495 and 383, respectively. In grid
search, the variation trend of AUPR value and AUC value of
model LP-S and LP-P with the values of parameters p and g
was represented by heat map, as shown in Fig. 4. As
mentioned above, Link Propagation involves two types of
using the Kronecker product and the Kronecker sum.
Therefore, we have two different sets of parameters. When
using the LP-S, the optimal combination of parameters is
o =0.2, p=175, and g = 325. In addition, o = 0.25, p = 175,
and g = 325 is for LP-P.

3.3 Performance analysis

To test the validity of the model, we established LP-S and LP-
P models with HSIC-MKL on the MDA dataset under 5-CV.
In order to compare the performance of HSIC-MKL and other
multi-core learning methods, we choose Centered Kernel
Alignment-based Multiple Kernel Learning (CKA-MKL)
algorithm, which also measures the relationship between
kernel matrices. CKA-MKL also has theoretical support and
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has been well performed in previous studies [68—71].
Additionally, a mean weight fusion technique was applied to
show that HSIC-MKL can fuse kernels more effectively. The
results of our approach are shown in Table 2, and the
comparison of AUC and AUPR of the four models is shown in
Fig. 5.

The results suggest that the model using LP-S with HSIC-
MKL achieves the best results, and its AUC and AUPR are
0.9800 and 0.8374, respectively. In addition, the models using
the Kronecker sum perform better than models using the
Kronecker product. The results also show that the CKA-MKL
performance lags behind that of HSIC-MKL, while the mean
weight performs the worst, which also proves the
effectiveness of HSIC-MKL. And the reason for that is HSIC-
MKL performs better than CKA-MKL in combining data from
different sources and measuring the relationship between the
target matrix and the kernel matrices.

In addition, the weights of miRNA and disease kernels
calculated by HSIC-MKL are shown in Fig. 6. The K2,
which contains functional information of miRNA, has the
largest weight, followed by K, 3. The weight of K, is close
to zero, which means that the sequence information of miRNA
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Fig.4 The AUC and AUPR of different models under 5-CV. (a) The AUC of parameter p and g of HSIC-MKL + LP-S; (b) the AUPR of
parameter p and g of HSIC-MKL + LP-S; (c) the AUC of parameter g and g of HSIC-MKL + LP-P; (d) the AUPR of parameter p and g of

HSIC-MKL + LP-P
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Table 2 The performance (AUC and AUPR) of different models under 5-
(6%

Model AUC AUPR
HSIC-MKL + LP-S 0.9800 0.8374
HSIC-MKL + LP-P 0.9781 0.8144
CKA-MKL + LP-S 0.9790 0.8136
CKA-MKL + LP-P 0.9768 0.7963
Mean weighted + LP-S 0.9761 0.8074
Mean weighted + LP-P 0.9738 0.7849

hardly plays a role. Each of the three kernel weights for
disease has a value close to one-third. The weights of K, and
K,;3 are close, followed by K;;. The greater the weight
calculated by the multiple kernel learning method, the greater
the contribution of this kernel the prediction of MDA, and the
greater attention should be paid to this information in
biological experiments.

Identification of human microRNA-disease association via link propagation and multiple kernel learning 9

3.4 Comparison with other methods

To assess the performance of HSIC-MKL+LP-S and highlight
the effectiveness of our work, we compared our approach to
the following approaches: CKA-HGTMF [72], CKA-
MKL+HGBLM [28], FKL-Spa-LapRLS [65], MDA-SKF
[56], LRSSLMDA [73], PBMDA [74], MCMDA [75],
NCPMDA [37], RLSMDA [76], HDMP [77], and WBSMDA
[26]. Our methods and the approaches mentioned above are
listed in Table 3. According to the results, HSIC-MKL+LP-S
performs best under 5-CV, obtains the highest AUC and
AUPR values and surpasses existing methods.

3.5 Local CV and global CV

When a disease is newly discovered, there is no known
miRNA information associated with it, so we can assess the
effectiveness of predicting miRNA for new diseases using
local LOOCV. In addition, the performance of the model is
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Fig. 5 The AUC and AUPR of different models under 5-CV. (a) AUC; (b) AUPR
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Fig. 6 The kernel weights of miRNA and disease. (a) MiRNA kernel
weights; (b) disease kernel weights

further assessed using global LOOCV. Generally, local
LOOCYV and global LOOCV are evaluated only by AUC, so
the AUC of our results and existing methods are listed in
Table 4. CKA-MKL+HGBLM [28], FKL-Spa-LapRLS [65],
MDA-SKF [56], LRSSLMDA [73], PBMDA [74], MCMDA
[75], NCPMDA [37], RLSMDA [76], HDMP [77], and
WBSMDA [26] are also included for comparison

We found that HSIC-MKLALP-S is not the best local
LOOCV. In order to save the cost of calculations and enhance
the overall effectiveness of the model, our approach uses
matrix approximation, which leads to poor miRNA prediction
results for diseases with few miRNA associations, thus
lowering the overall effect. However, of the models we
compared ours performs better than some. In addition, our
results show that HSIC-MKL+LP-S has the best performance
in global LOOCYV, as its AUC value reaches 0.9874.

3.6 Running time

The computational efficiency of the algorithm is also an
important index to evaluate the algorithm, so we analyze the
time complexity of the algorithm and test the running time of
different models through experiments. The time complexity of
both the LP-S and LP-P methods we use in this paper is
0P +7°). As we can see, the running time of the algorithm
depends on the approximate rank set by the users, which
means that the user can significantly reduce the computation
time by adjusting the parameters.

In addition, we separately test the running time of multiple
kernel learning methods and LP under 5-CV. On a computer
with AMD Ryzen 5 3600 (3.6 GHz 6-core 12-threads CPU),
16GB memory and Windows OS, we run ten experiments, and

Table 3 Comparison on different methods under 5-CV

Model AUC AUPR
HSIC-MKLALP-S (our method) 0.9800 0.8374
CKA-HGRTMF 0.9775 0.7712
CKA-MKL+HGBLM 0.9680 0.7291
MDA-SKF 0.9557 -
FKL-Spa-LapRLS 0.9535 -
LRSSLMDA 0.9181 -
PBMDA 0.9172 -
MCMDA 0.8767 -
NCPMDA 0.8763 -
RLSMDA 0.8569 -
HDMP 0.8342 -
WBSMDA 0.8185 -

The best results in each column are in bold faces.

Table 4 Comparison on different methods via Global LOOCV and Local
LOOCV

Model Global LOOCV Local LOOCV
HSIC-MKL + LP-S (our method) 0.9874 0.7800
CKA-MKL + HGBLM 0.9715 0.8083
MDA-SKF 0.9576 0.8356
FKL-Spa-LapRLS 0.9563 0.8398
LRSSLMDA 0.9178 0.8418
PBMDA 0.9169 0.8341
MCMDA 0.8749 0.7718
NCPMDA 0.9073 0.8584
RLSMDA 0.8426 0.6953
HDMP 0.8366 0.7702
WBSMDA 0.8030 0.8031

The best results in each column are in bold faces.

the results are averaged. The results of running time are shown
in Table 5. Among the three multi-kernel learning methods,
mean weighted method is very simple, its running time is
close to 0, and HSIC-MKL is much faster than CKA-MKL.
The running times of algorithm LP-S and LP-P are roughly the
same, and algorithm LP-S is a little faster.

4 Discussion and conclusion

In this paper, we propose a link propagation model using
matrix decomposition and low-rank approximation. Our
model was inspired by label propagation. The kernels in
miRNA and disease space are fused using HSIC-MKL.

Our method is compared with existing methods, including
CKA-HGTMF, CKA-MKL+HGBLM, FKL-Spa-LapRLS,
MDA-SKF, LRSSLMDA, PBMDA, MCMDA, NCPMDA,
RLSMDA, HDMP, and WBSMDA. The results show that
under 5-CV, our model exceeds the AUPR and AUC values of
all existing methods, and the effect is significantly improved.
In local LOOCYV, our model is weaker than several existing
models but it also achieves the best results in global LOOCV.

There are many existing methods for predicting MDA,

Table 5 The running time (seconds) of different models under 5-CV

Model Running time/s
HSIC-MKL 11.50
CKA-MKL 21.33
Mean weighted 0.07
LP-S 7.56
LP-P 7.88
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however, a link propagation algorithm based on matrix
decomposition and matrix approximation technology
improves the performance of the prediction of MDA. With
this approach, we can guarantee model accuracy while also
saving on the cost of calculations. In addition, if a suitable
similarity kernel is constructed, our method can also be used
in other bioinformatics domains, including the identification
of drug-side effect associations. Of course, our model has
many limitations, such as its performance in local LOOCV,
which is less accurate than some models. Further work is still
needed to improve the model. Chen et al. [78] summarize the
current issues and future trends. Dataset is an important
problem that limits the development of computational models.
The current dataset contains 495 miRNAs and 383 diseases,
but the known associations is only 2.86%. At the same time,
negative MDA is not available. Furthermore, the development
of computational models should focus on miRNAs that do not
have any known associated diseases, as new miRNAs are
frequently discovered in biology. In addition, we should pay
more attention to deep learning. Graph convolutional networks
is operated on graph-based data, which can further improve
the performance of the prediction of MDA.

Biologists have access to publicly available source codes
and datasets at the website of github.com/Kinkou626/HSIC-
MKL-LP.
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