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Abstract

MicroRNA (miRNA) molecules, which are effective on the initiation and progression of many different diseases, are a type of non-
coding RNA with a length of about 22 nucleotides. Scientists have reported the importance of miRNAs in the prevention, diagnosis,
and treatment of complex human diseases. Therefore, in the last decade, researchers have been working hard to find potential miRNA-
disease associations. Many computational techniques have been developed because of the experimental techniques are time-consuming
and expensive used to find new relationships between miRNAs and diseases. In this study, we suggested Kernelized Bayesian matrix
factorization (KBMF) technique to predict new miRNA-disease relationships. We applied 5-fold cross validation technique and obtained
an average value AUC of 0.9450. Also, we applied case studies based on breast, lung, and colon neoplasms to prove the performance
of KBMF technique. The results showed that KBMF can be used as a reliable computational model to reveal possible miRNA-disease
relationships.

Keywords: miRNA, disease, miRNA-Disease Association, similarity measure.

Kernelized Bayesian Matris Faktorizasyonu ile mikroRNA-Hastahk
Iliskilerinin Tammmlanmasi ve Analizi

Oz

Birgok farkli hastaligin baglamasinda ve ilerlemesinde etkili olan mikroRNA (miRNA) molekiilleri yaklagik 22 niikleotid uzunlugunda
kodla yapmayan bir RNA tiiriidiir. Bilim insanlar1 karmagik insan hastaliklarinin 6nlenmesi, teshisi ve tedavisinde miRNA ’larin 6nemini
aciklamigtir. Bu nedenle son yillarda arastirmacilar potansiyel miRNA-hastalik iliskilerini bulmak i¢in ¢ok galigmaktalar. miRNA’lar
ve hastaliklar arasinda yeni iligkiler bulmak i¢in kullanilan deneysel tekniklerin zaman alic1 ve pahali olmasi nedeniyle bircok hesaplama
teknigi gelistirilmistir. Bu ¢aligmada yeni miRNA-hastalik iligkilerini tahmin etmek i¢in Kernelized Bayesian matrix factorization
(KBMF) teknigini onerdik. 5-kath ¢apraz dogrulama teknigi uyguladik ve 0.9450 ortalama AUC degeri elde ettik. Ayrica KBMF
tekniginin performansimi kanitlamak icin meme, akciger ve kolon neoplazmalarina dayali vaka caligmalar1 uyguladik. Sonuglar
KBMPF’nin olast miRNA-hastalik iliskilerini ortaya ¢ikarmak icin giivenilir bir hesaplama modeli olarak kullanilabilecegini gosterdi.

Anahtar Kelimeler: miRNA, hastalik, miRNA-hastalik iligkisi, benzerlik 6l¢iimii.
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1. Introduction

MicroRNAs are a type of non-coding RNAs with a length of
about 22 nucleotides. Several research studies have concluded
that miRNAs have important functions in various basic biological
processes such as cell development, signal transduction,
proliferation, apoptosis, differentiation, viral infection,
metabolism, and aging (Bartel, 2009; Chen, Zhou, & Zhao, 2018;
Lan et al., 2018; Tang, Zhou, Zheng, Zhang, & Sha, 2019). With
the development of molecular biology and biotechnology,
researchers have revealed that miRNAs have an important links
with many diseases (X. Chen et al., 2016; Kim, 2015). For
example, miRNA de-regulation triggers the development of
various cancers such as breast, skin, lung, colon, prostate etc.
Furthermore, down-regulations of miRNA-143 and miRNA-145
have been observed in colorectal tumors and especially breast
cancer (Espinosa & Slack, 2006).

Various types of databases such as miRBase (Kozomara &
Griffiths-Jones, 2013), HMDD (Y. Li et al., 2014), miR2Disease
(Q. Jiang et al., 2009), miRGen (Alexiou et al., 2009), deepBase
(J.-H. Yang, Shao, Zhou, Chen, & Qu, 2009), and dbDEMC (Z.
Yang et al., 2010) have been developed to store miRNA related
data. These databases include human miRNA-disease
relationships and provide differentially expressed miRNAs for
cancers.

Computational techniques are used to estimate potential
miRNA-disease relationships, as determination of miRNAs-
disease relationships by biological experimental techniques is
time consuming and very expensive (Mugunga, Ju, Liu, & Huang,
2017). In recent years, many new computational techniques such
as WBSMDA (X. Chen et al., 2016), RKNNMDA (Chen, Wu, &
Yan, 2017), BNPMDA (X. Chen, D. Xie, et al., 2018),
EGBMMDA (Chen, Huang, Xie, & Zhao, 2018), LRSSLMDA
(Chen & Huang, 2017), NDAMDA (Chen, Wang, & Huang,
2018), MCMDA (J.-Q. Li, Rong, Chen, Yan, & You, 2017),
NSEMDA (C. C. Wang, Chen, Yin, & Qu, 2019), HDMP (Xuan
et al., 2013), MaxFlow (Yu, Chen, & Lu, 2017), and SACMDA
(Shao, Liu, & Yan, 2018) have been developed by scientists to
predict possible miRNA-disease relationships. Understanding the
complex disease mechanism at the molecular level of miRNA
may be possible by predicting new miRNA-disease relationships.
Thus, the diagnosis, treatment, prognosis, and prevention of
diseases can be provided with its contribution to the field of
personalized medicine (Chen, 2015; Chen, Huang, Wang, You, &
Chan, 2016).

In this study, first of all we calculated the functional similarity
(FS) for each miRNA and the semantic similarity (SS) for each
disease. Secondly, we calculated the Gaussian Interaction Profile
(GIP) kernel similarities for both miRNA and disease. Thirdly, we
integrated the miRNA GIP kernel similarity with FS and the
disease GIP kernel similarity with SS. Lastly, we estimated the
potential relationships between miRNAs and diseases by
analyzing these data with the Kernelized Bayesian Matrix
Factorization (KBMF) method. We evaluated the success of our
model with the most widely used 5-fold cross-validation
technique and several case studies.

2. Material and Method

We obtained 495 miRNAs and 383 diseases data set from the
HMDD v2.0. This data set includes 5430 miRNA-disease
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relationships that were experimentally verified (Y. Li et al., 2014).
The relationships between miRNAs and diseases are represented
by constructing an adjacency matrix (44953s3) matrix.

2.1. miRNA Functional Similarity (FS) and Disease
Semantic Similarity (SS)

The functional similarity scores calculated using the method
proposed by Wang et al. (D. Wang, Wang, Lu, Song, & Cui, 2010)
were obtained from the web address
http://www.cuilab.cn/files/images/cuilab/misim.zip.

To calculate disease semantic similarity, we first downloaded
the Medical Subject Headings (MeSH) definitions from the web
page of National Library of Medicine (http:/www.nlm.nih.gov).
The connections between various diseases can be explained by
using Directed Acyclic Graph (DAG). In DAG 4, when calculating
the semantic value of disease A4, the contribution of other diseases
can be expressed as given below:

{DA(A) =1 )
D,(t) = max{A * D,(t")|t' € childrenof t} ift+A

where A represents the contribution coefficient between
disease ¢ with its child disease ¢. Moreover, the semantic value
(DV) of disease 4 can be described with Eq. 2.

DV(A) = Xiter, Da(t) (2)

The SS between disease 4 and disease B can be computed as
shown below:

Yter anr(Da®)+Dp (D))

SS(A,B) = DV(A)+DV(B)

3)

where all ancestor of disease 4 and disease B, including
disease A4 and disease B themselves, are represented by 7, and T5.
DA(t) and DB(t) represent the semantic value of disease ¢
associated with disease 4 and disease B, respectively. Semantic
similarity of each disease is calculated according to the Eq. 3 (D.
Wang et al., 2010).

2.2. Gaussian Interaction Profile (GIP) Kernel
Similarity for miRNAs and Diseases

Assuming that similar diseases tend to be associated with
miRNAs with similar functions, we have created miRNA GIP
kernel similarity and disease GIP kernel similarity (Lan et al.,
2018; van Laarhoven, Nabuurs, & Marchiori, 2011). The GIP
kernel similarity value (GM) between miRNA m(i) and miRNA
m(j) can be computed with Eq. 4.

GM(mi,mj) = exp (_Vm”IP(mi) - ]p(m].)”Z) )

Similarly, the GIP kernel similarity value (GD) between
disease d(i) and disease d(j) can be computed with Eq. 5.

GD(dL-, dj) = exp (—yd”IP(di) - IP(dj)”Z) ®)

Here, y,,, and y,4 parameters control kernel bandwidth and can
be obtained from the Eq. 6 and Eq. 7.

Sm

T on
mzi;’fllm(mi)llz

Ym = (6)
_ Sa
SORALICHIE

Ya (7)

The parameters J,, and ds and represent the new bandwidth
parameters and were adjusted to 1 according to (van Laarhoven et
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al., 2011) for simplicity. In addition, all miRNA numbers and all
disease numbers were indicated by 7,, and ng4, respectively.

2.3. Integrated Similarity for miRNAs and Diseases

We have integrated the functional similarity and the GIP
kernel similarity of miRNAs using Eq. 8.

SM = BxGM + (1 — B)xFS ®)

Similarly, we have combined the semantic similarity and the
GIP kernel similarity of diseases with Eq. 9.

SD = BxGD + (1 — B)xSS ©)
where, f was assumed to be 0.5.

2.4. Kernelized Bayesian Matrix Factorization
(KBFM)

The KBMF described in detail in the study reported by Gonen
et al. (Gonen, Khan, & Kaski, 2013) is an effective way to obtain
a bipartite graph by multiple data source integration. We assume
that miRNAs and diseases come from two domains: X =
{ml, my, .....mNX} and Z = {dl,dz, .....dNZ}, respectively. In
order to calculate potential interaction between miRNAs and
diseases, we have multiple kernel matrix, namely {K xm: X XX >
]R{}f::land (Kzn:Z X Z > ]R{}:z:l by calculating miRNA
similarity domain and disease similarity domain, respectively.

The number of miRNA kernel matrix and the number of disease
kernel matrix have given with P, and P.. Adjacency matrix A €

{0,1}¥x*Nz  shows known miRNAs-diseases interactions
(Ammad-Ud-Din et al., 2014; Goénen et al., 2013).
i +1 if x; and z; are interacting
4j = { L) (10)
0 otherwise
3. Results

3.1. 5-fold Cross Validation (CV) Technique

We tested the predictive ability of the KBMF method we used
in this study with a 5-fold cross validation technique. In this
validation technique, we divided all known miRNA-disease
relationships into five subgroups. For testing of the model four of
the 5 subgroups were used as training data and one as test data.
Additionally, we have computed false positive rate (FPR) and true
positive rate (TPR) and have plotted the receiver operator
characteristics (ROC) curve according to the results, then have
computed the area under the ROC curve (AUC) for performance
evaluations.

As a result, we plotted the ROC curve shown in Fig. 1, and
computed AUC value of 0.9450 for 5-fold cross-validation. We
compared the results with the other eight techniques of WBSMDA
(X. Chen et al, 2016), MCMDA (J.-Q. Li et al., 2017),
RKNNMDA (Chen et al., 2017), NSEMDA (C. C. Wang et al.,
2019), BNPMDA (X. Chen, D. Xie, et al., 2018), EGBMMDA
(X. Chen, L. Huang, et al., 2018), LRSSLMDA (Chen & Huang,
2017), and NDAMDA (X. Chen, L. Y. Wang, et al., 2018) to prove
the performance of KBMF method we used. The other eight
methods, using 5-fold cross-validation technique, had AUC
values 0f 0.8185, 0.8767, 0.6723, 0.8878, 0.8980, 0.9048, 0.9181,
and 0.8935, respectively. Figure 2 shows the comparative AUC
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values. Here, it is clearly seen that KBMF method gives a better
result than the other eight compered methods.
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Figure 1. AUC value of KBMF
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Figure 2. Comparison of the AUC values of KBMF with the other eight methods
3.2. Case Studies

In order to predictive accuracy demonstration of the KBMF
method, three case studies have been conducted based on breast,
lung, and colon neoplasms from databases of miR2Disease,
dbDEMC, and HMDD v2.0. In our model, we used 5430 known
miRNA-disease relationships from HMDD v2.0 as a training set.
In this training set, we made the known relationships for each
disease to zero. Based on the results obtained, all miRNAs for
three diseases were ranked according to their scores. Then, the
first 20 miRNAs predicted for each disease were confirmed from
three different databases mentioned above.

Breast neoplasms, which cause many deaths each year, are
the most common type of female cancer among female cancers
and comprise approximately 22% of female cancers (Al-Hajj,
Wicha, Benito-Hernandez, Morrison, & Clarke, 2003; Qinghua
Jiang et al., 2010). The list of the top 20 candidate miRNAs
predicted by our method for breast neoplasm is shown in Table 1.
We have confirmed all 20 miRNAs are 100% associated with
breast cancer from the mentioned databases.

Lung neoplasms are one of the main factors in cancer-related
deaths in the world. We have listed the top 20 candidate miRNAs
for lung neoplasm using the same method (shown in Table 2).
Examining the table, it can be seen that 19 out of 20 candidate
miRNAs were confirmed to be associated with lung cancer. In
other words, we can say that 95% of candidate miRNAs are
associated with lung cancer.
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Table 1. Prediction results of the top 20 predicted miRNAs related with breast

European Journal of Science and Technology

neoplasm
Disease | miRNA Database
hsa-let-7a dbDEMC,miR2Disease, HMDD
hsa-let-7b dbDEMC,HMDD
hsa-let-7¢ dbDEMC,HMDD
hsa-let-7d dbDEMC,miR2Disease, HMDD
hsa-mir-200c | dbDEMC,miR2Disease, HMDD
hsa-let-7¢ dbDEMC,HMDD
hsa-let-7f dbDEMC,miR2Disease, HMDD
E hsa-let-7g dbDEMC,HMDD
E hsa-mir-200b | dbDEMC,miR2Disease, HMDD
& |hsalet7i dbDEMC,miR2Disease, HMDD
E hsa-mir-200a | miR2Disease, HMDD
§ hsa-mir-126 | miR2Disease, HMDD
& hsa-mir-145 | miR2Disease, HMDD
hsa-mir-34¢c | dbDEMC,HMDD
hsa-mir-1 dbDEMC
hsa-mir-141 | dbDEMC,miR2Disease, HMDD
hsa-mir-218 | HMDD
hsa-mir-100 | dbDEMC,HMDD
hsa-mir-34b | HMDD
hsa-mir-221 | miR2Disease, HMDD
Table 2. Prediction results of the top 20 predicted miRNAs related with lung
neoplasm
Disease | miRNA Database
hsa-mir-200a | dbDEMC,miR2Disease, HMDD
hsa-mir-200b | dbDEMC,miR2Disease, HMDD
hsa-mir-200c | dbDEMC,miR2Disease, HMDD
hsa-mir-141 | dbDEMC,miR2Disease
hsa-mir-429 | dbDEMC,miR2Disease
hsa-mir-199a | dbDEMC,miR2Disease, HMDD
hsa-mir-34b | dbDEMC,HMDD
@ hsa-mir-183 | dbDEMC,miR2Disease
% hsa-mir-375 | HMDD
E‘ hsa-mir-1 dbDEMC,miR2Disease, HMDD
2 hsa-mir-21 miR2Disease, HMDD
€ |hsa-mir-100 | HMDD
- hsa-mir-182 | dbDEMC,miR2Disease, HMDD
hsa-mir-196a | HMDD
hsa-mir-133a | HMDD
hsa-mir-126 | miR2Disease, HMDD
hsa-mir-31 miR2Disease, HMDD
hsa-mir-34¢ | dbDEMC,HMDD
hsa-mir-194 | unconfirmed
hsa-mir-143 | miR2Disease, HMDD

Colon neoplasm, one of the greatest threats to human life, is
the most common type of cancer in the world. About half of colon
cancer patients die within 5 years after diagnosis (Drusco et al.,
2014; Ogata-Kawata et al., 2014; Phipps et al., 2013; Torre et al.,
2015). In this research, the first 20 miRNAs estimated by KBMF
method are listed in Table 3. It can see that 17 of the 20 predicted
colon cancer associations have been confirmed from the databases
mentioned above. We can say that the predicted success rate for
colon cancer is 85%.

Table 3. Prediction results of the top 20 predicted miRNAs related with colon
neoplasm

e-ISSN: 2148-2683

Disease | miRNA Database

hsa-mir-155 | dbDEMC,miR2Disease
hsa-mir-17 HMDD
hsa-mir-20a | dbDEMC,miR2Disease
hsa-let-7a dbDEMC,miR2Disease
hsa-let-7b dbDEMC,miR2Disease
hsa-let-7d dbDEMC
hsa-mir-18a | dbDEMC,miR2Disease

E hsa-let-7¢ dbDEMC

& hsa-let-7e dbDEMC

§ hsa-mir-19b | dbDEMC,miR2Disease

E hsa-let-7f miR2Disease

% hsa-mir-92a | dbDEMC

o hsa-let-7i unconfirmed
hsa-mir-19a | dbDEMC,miR2Disease
hsa-let-7g miR2Disease
hsa-mir-21 dbDEMC,miR2Disease
hsa-mir-146a | unconfirmed
hsa-mir-221 | dbDEMC,miR2Disease
hsa-mir-15a | unconfirmed
hsa-mir-125b | dbDEMC

4. Conclusions and Recommendations

Related research studies have shown that miRNAs play a
major role in various biological processes (Bartel, 2009; Xing
Chen et al., 2018; Lan et al., 2018; Tang et al., 2019). Therefore,
it is important to determine miRNA-disease relationships by
computational techniques before applying costly and time-
consuming experimental techniques. In this study, we used the
Kernelized Bayesian matrix factorization method to predict
possible relationships between miRNAs and diseases. In our
previous study (Toprak & Eryilmaz, 2020), high quality results
were obtained by using similar approaches with a different
method. We evaluated the predictive performance of our model
with 5-fold cross validation technique and several case studies.
The calculated AUC value of the 5-fold cross validation technique
is 0.9450. Also, we conducted three case studies like breast, lung,
and colon neoplasms to further verify the performance of KBMF
and validated the results with dbDEMC, miR2Disease and
HMDD databases. The results indicates that the KBMF method
can be used as an efficient method to predict possible relationships
between miRNAs and diseases.
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