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ABSTRACT This paper proposed to predict potential targets of miR-130a in venous thromboembolism (VTE)
utilizing a TargetScore method, and to further uncover the functions of miR-130a in VTE. miRNA-overexpression
data were collected and log Fold Change (logFC) value was computed for every gene in the dataset. Subsequently,
sequence scores were calculated based on Variational Bayesian-Gaussian Mixture Model and Variational Bayesian
Expectation-Maximization algorithm. Ultimately, the target score between miR-130a and each gene was counted
by integrating the logFC and sequence scores, to investigate potential targets for miR-130a. Based on the targets,
pathway enrichment analysis was conducted to explore significant gene sets in VTE patients. 225 potential targets
in VTE were predicted for miR-130a, and 16 significant pathways with P < 0.05 were identified for VTE patients
after enrichment analysis. MiR-130a was critical for the development of VTE, partially through regulating
expressions of potential targets and their gene sets.
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INTRODUCTION

Venous thromboembolism (VTE), with an
annual incidence of 1 to 2 cases per 1000 per-
sons in the general population, is the third most
common cause of vascular death after myocar-
dial infarction and stroke (Zabrocka et al. 2018),
resulting from deep vein thrombosis, pulmonary
embolism, or both (Beckman et al. 2010). VTE, as
an independent and major risk factor of cancer,
is reported in up to twenty percent of patients
with cancer (Konigsbrugge et al. 2014). Hence,
the prevention and treatment of VTE patients
represent major challenges in daily practice. Cur-
rently, conventional therapy includes a parenteral
anticoagulant, such as warfarin and enoxaparin
(Kearon et al. 2012). However, the regimen still
exists shortness since warfarin therapy need to
coagulate monitoring and dose adjustment, and
enoxaparin requires daily subcutaneous injec-
tions (Agnelli et al. 2013).

MicroRNAs (miRNAs), as a class of small
non-coding RNA molecules, are highly con-

served across species and exert important func-
tions as regulators of gene expression through
promoting mRNA degradation and repressing
translation (Miya Shaik et al. 2018). It has been
reported that as much as sixty percent of human
protein coding genes are managed by miRNAs
estimably. Substantially, they modulate the lev-
els of targeted genes post-transcriptionally
based complementary sequences in the 3’/5’-
untranslated regions or in the open reading
frames of the mRNAs (Hammond 2015; Simon-
son and Das 2015). Besides, miRNAs have sig-
nificant power to regulate biological processes
(Schonrock et al. 2012). Thus, miRNAs offer a
clue to elaborate the complex mechanisms and
physiology, and present tremendous therapeu-
tic potential of diseases (Chivukula and Mendell
2008; Kasinski and Slack 2011). As a conse-
quence, investigating miRNA targets offers an
excellent manner to elucidate the molecular mech-
anisms underlying malignant diseases, and gives
a hand to the design of drugs for its treatments.

Generally, functional characterizations of
miRNAs were detected relying on accurate pre-
dictions of their targets. Nevertheless, great
challenges have occurred in extracting miRNA
targets experimentally. Fortunately, computa-
tional predicted technologies provide a quick
select tool to uncover putative miRNA targets.
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Most prediction methods are carried out depen-
dent on target site accessibility, sequence com-
plementarity, convervation, and evolutionary
(Friedman et al. 2009; Kertesz et al. 2007; Lewis
et al. 2003). However, precise prediction of miR-
NA targets still has a problem with no more than
50 percent specificity and poor overlap ratio. Of
note, miRNA over-expression data combined
with mRNA expression profiling has been indi-
cated to be a great potential method (Arvey et
al. 2010; Lim et al. 2005). Meanwhile, some meth-
ods can improve the target prediction, which
mainly include the integration of expression
change and sequence information (for example,
context score) and other orthogonal sequence-
based features for example, conservation into a
probabilistic score) (Friedman et al. 2009).

Objective

In the present paper, a probabilistic scoring
method named TargetScore was implemented,
which can infer miRNA targets as the trans-
formed fold-changes weighted by the Bayesian
posteriors given observed target features (Li et
al. 2014), to predict the potential targets of miR-
130a in VTE patients. Significantly, the Tar-
getScore method had advantages in three im-
portant aspects compared with the other meth-
ods. First, it was particularly designed for miR-
NA over-expression data to interrogate targets
of a particular miRNA in a specific cell-condi-
tion. Second, miRNA-targets were inferred us-
ing the TargetScore method according to their
distinct high dimensional patterns of expression
fold-changes and sequence features. Third, this
method was used to analyze the entire gene set
so as to more closely model the overall likeli-
hood rather than just on a subset of genes pre-
filtered via sample variance or the TargetScan
score (Huang et al. 2007; Tensorer et al. 2011).

METHODOLOGY

Summarization

The TargetScore, a probabilistic method for
miRNA target prediction problem, integrated
miRNA over-expression data and sequence-
based scores from the other prediction methods
(Li et al. 2014). Briefly, every score feature is
regarded as an independent variable, and is con-

sidered as input to a Variational Bayesian-Gaus-
sian Mixture Model (VB-GMM). A Bayesian was
selected over a maximum likelihood method to
avert over-fitting.

Concretely, with regard to the expression
fold-change, three-component VB-GMM was
utilized to speculate down-regulated targets
based on genes with little or positive fold-change
(because of off-target effects) (Khan et al. 2009).
If not, two-component VB-GMM was applied to
unsigned sequence scores. In order to optimize
the parameters of the VB-GMM, Variational
Bayesian Expectation-Maximization (VB-EM)
algorithm was used. The mixture component with
the maximum absolute averages of negative fold-
change or sequence value was connected with
the targets of miRNA and determined as “target
component”. However, the other components
correspond to the “background component”.
Consequently, inferring miRNA-mRNA pairs was
equal to speculating the posterior distribution
of the miRNA targets.

TargetScore was calculated as the trans-
formed fold-change, and its prediction for tar-
gets of miR-130a in VTE patients was comprised
of 3 steps. First of all, miRNA-over-expression
data were from the online Gene Expression Om-
nibus (GEO, http://www.ncbi.nlm.nih.gov/geo/)
database, and the log fold change (logFC) value
was computed for every gene in the dataset.
Subsequently, sequence scores were calculated
based on the VB-GMM and VB-EM algorithm.
Ultimately, the target score between miR-130a
and each gene was counted by integrating the
logFC and sequence scores, to investigate po-
tential targets for miR-130a. Based on these tar-
gets, pathway enrichment analysis was conduct-
ed to explore significant pathways in VTE.

MiRNA Overexpression Data Collection

In this paper, the dataset of miRNA overex-
pression was recruited corresponding to 1 GEO
set (GSE48000 (Lewis et al. 2015)), 1 platform
(Illumina HumanHT-12 V4.0 expression bead-
chip), 132 samples (107 VTE patients and 25 nor-
mal controls), and 1 distinct miRNA (miR-130a).
Here, the GEO database is an international pub-
lic repository, which freely distributes and ar-
chives high-throughput gene expression and
other functional genomics data sets (Clough and
Barrett 2016). With an attempt to control the
quality of GSE48000, the researchers performed
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standard pre-treatments through the Affy pack-
age, including background correction, quartile
normalization, probe match and expression sum-
marization (Gautier et al. 2004; Irizarry et al. 2003).
Consequently, a total of 21,032 genes were iden-
tified in the gene expression data.

Subsequently, a logFC value was assigned
to every gene of 21,032 genes, since it repre-
sented the different changes at the expression
levels between VTE patients and normal con-
trols. As mRNAs were interrogated by multiple
probes in a single experiment, the average of the
fold-changes were obtained. Finally, logFC val-
ues of 21,032 genes were gained for further
exploitation.

Bayesian Mixture Model

Supposing there were M genes, the research-
ers defined x = (x1, . . . , xM )T as the expression of
logFC (xf) or sequence scores (xs). Therefore, for
L sets of sequence scores, x∈ { xf , x1, . . . , xL}.
With the goal of simplifying the following for-
mulas, the researchers utilized x to stand for one
of the independent variables without loss of
generality. In order to deduce the target genes
for a miRNA given x, the posterior distribution
p(z|x) of the latent variable z ∈ {z1, . . . , zK} was
needed to obtain, in which K = 3 (K = 2) for
modeling signed (unsigned) scores including
logarithmic fold-changes (sequence scores). The
standard Bayesian-GMM was conducted in ac-
cordance with the Bishop with minor modifica-
tions. And then the latent variables z were sam-
pled at probabilities π (mixing coefficient), which
followed a Dirichlet prior D(π |α0), with hyperpa-
rameters α0 = (α0,1,…, α0,K). With an attempt to
interpret the relative frequency of targets and
non-targets for any given miRNA, the research-
ers set the α0,1 (connected with the target com-
ponent) to aN and other αo,K=(1-a) x N/(K-1), in which
α = 0.01 (by default). Ultimately, assuming x fol-
lowed a Gaussian distribution Γ(x|μ, Λ-1), of
which Λ (precision matrix) was the inverse co-
variance matrix. As a result, p(μ, Λ) obeyed a
Gaussian-Wishart prior  ∏K

k Γ(μk|m0, (β0Λ)-1)
W (Λk |W0,v0),where  the hyperparameters {m0,
β0, W0, v0} = {μ, 1, ID×D, D + 1}.

VB-EM Analysis

During this step, the marginal log likelihood
was presented in terms of lower bound L(q) (first

term) as well as Kullback-Leibler divergence
KL(q||p) (second term):

Of which, θ = {z, π, μ, Λ}, q(θ ) represented a
proposed distribution for p(θ |x). Because lnp(x)
was a constant, maximizing L(q) brought to min-
imizing KL(q||p). The optimal solution ln q*

j (θ j)
was the expectation of variable j w.r.t other vari-
ables, Ei‘“j [ln p(x, θ )]. Particularly, q(z, π, μ,Λ) =
q(z)q(π)q(µ, Λ) was set. The expectations for the
three terms (at log scale), namely lnq”(z), lnq”(π),
lnq”(µ), had the same forms as the initial distri-
butions that are attributed to the conjugacy of
the priors. Nevertheless, the parameters {z, π, µ,
Λ} need to be evaluated, which in turn all were
dependent on the expectations of z or the poste-
rior of interest. The inter-dependence of the ex-
pectations and model parameters fell naturally
into an EM framework, named as VB-EM.

TargetScore

To the best of the researchers’ knowledge,
the Targetscore is a measure of the mean effect
of all neighbors serving as the targets, which
ranges from 0 to 1 (Wilson and Keddy 1986).
Besides, the higher the TargetScore was, the
greater the accuracy in identifying known tar-
gets was. Hence, in this work, the TargetScore
for each gene was calculated dependent on the
logFC, TargetScan context score (TSCS), and
probabilities of conserved targeting (PCT) to
further extract the potential targets for miR-130a.
Here, TSCS is a sequence-based score for sin-
gle target site computed using TargetScan (Gar-
cia et al. 2011), and PCT is the probability of
conserved targeting for single target site (Fried-
man et al. 2009). TSCS and PCT were available
from TargetScan website (http://www. tar-
getscan. org/). The TargetScore that is an inte-
grative probabilistic score of a gene being the
target s of a miRNA was computed as following
formula:

 The distribution of TargetScore for validat-
ed and non-validated targets of all the miRNA-
mRNA interactions each owning at least 1 vali-
dated targets was analyzed. The researchers
defined the pre-defined δ as the cut off-criteria
for potential miRNA targets.

݈݊ (ݔ) ݌  =  න (ߠ) ݍ ݈݊ ,ݔ) ݌ (ߠ) ݍ(ߠ + න (ߠ) ݍ ݈݊  (ݔ|ߠ) ݌(ߠ) ݌

݁ݎ݋ܿܵݐ݁݃ݎܽܶ =  11 + ݃݋݈)݌ݔ݁ (ܥܨ ൭ ܭ1 + 1 ෍ ݔ(ݔ|ݖ)݌ ൱ Σ
x

^
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Pathway Enrichment Analysis

For purpose of exploring functional gene sets
for targets of miR-130a, the Kyoto Encyclopedia
of Genes and Genomes (KEGG) pathway enrich-
ment analysis was conducted by the Database
for Annotation, Visualization, and Integrated
Discovery (DAVID, https://david.ncifcrf.gov/
home.jsp) tool (Huang da et al. 2009). Most im-
portant, the KEGG (http://www.genome.jp/kegg/
pathway) is a knowledge base to systematically
study gene functions, for understanding cellular
processes via the process of pathway aligning
(Kanehisa and Goto 2000). Pathways with P <
0.05 were selected using the Expression Analysis
Systematic Explored (EASE) test applied in DAV-
ID. The regulated genes analyzed by EASE dem-
onstrated molecular functions and biological pro-
cesses unique to each category (Ford et al. 2006).
In addition, the threshold of minimum number of
genes was the corresponding term > 5, which
were regarded significant for a category.

RESULTS

Calculation of logFC Values

After conducting quality control and nor-
malization on gene expression data of VTE pa-
tients, a total of 21,032 genes were obtained for
further analysis. The logFC values for 21,032
genes were computed, and the result showed
that most genes distributed between -0.5 and
0.5. If one gene interrogated by multiple probes
in a single experiment, the average of the fold-
changes would be collected.

Identification of the Potential Targets
for miR-130a

As mentioned above, target scores were
computed between each gene and miR-130a by
integrating logFC values and sequence scores
obtained from TSCS and PCT. Subsequently, the
distribution of target scores were derived and ä
> 0.5 was defined as the cut-off for potential
targets of miR-130a. Accordingly, a total of 225
targets were predicted, especially for ARHGEF37
(target score = 0.746), FNBP4 (target score =
0.685), and ABHD3 (target score = 0.612). To
illustrate these interactions between miR-26a and
225 targets more clearly, all data were input to
the Cystoscape software (http://www .cyto-

scape.org/), and a network for them was visual-
ized as shown in Figure 1. Among these interac-
tions, 4 targets (ATXN1 (Lee et al. 2008), HOXA5
(Chen and Gorski 2008), MAFB (Garzon et al.
2006) and MEOX2 (Chen and Gorski 2008) were
verified experimentally.

Significant Pathways for Potential Targets

For purpose of exploring significant gene
sets for 225 target genes, pathway enrichment
analysis was conducted on them. Consequent-
ly, a total of 12 significant pathways were gained
when setting the thresholds as P < 0.05 and
Count > 5, as shown in Table 1. Specifically, FoxO
signaling pathway (P = 4.44E-04, Count = 8),
MicroRNAs in cancer (P = 3.43E-03, Count = 7),
and Prolactin signaling pathway (P = 6.98E-03,
Count = 5) were the most significant ones in
VTE patients as compared to normal controls.
Interestingly, the results showed that 6 of 12
significant pathways were attributed to signal-
ing pathway, whereas 4 of 12 were belonged to
cancer related pathways.

DISCUSSION

MiRNAs are associated with post-transcrip-
tional regulation of gene expression in multi-cel-
lular organisms by affecting both the stability
and translation of mRNAs, and transcribed by
RNA polymerase II as part of capped and poly-
adenylated primary transcripts that can be ei-
ther protein-coding or non-coding (Schonrock
et al. 2012). Additionally, miRNAs have been iden-
tified as important biomarkers and regulators in
various human diseases such as cancer (Li et al.

Table 1: Significant pathways with P < 0.05 and
Count >5

Pathway                    Count        P Value

FoxO signaling pathway 8 4.44E-04
MicroRNAs in cancer 7 3.43E-03
Prolactin signaling pathway 5 6.98E-03
Chemokine signaling pathway 7 8.81E-03
TGF-beta signaling pathway 5 1.05E-02
Signaling pathways regulating 6 1.48E-02
   pluripotency of stem cells
Pathways in cancer 10 2.21E-02
Pancreatic cancer 5 3.01E-02
Renal cell carcinoma 5 3.14E-02
Adipocytokine signaling pathway 5 3.93E-02
Circadian rhythm 6 3.99E-02
Regulation of autophagy 7 4.75E-02



2010), diabetes (Balasubramanyam et al. 2011)
and myocardial disease (Chen et al. 2018) . In
particular, miR-130 appears to be vertebrate-spe-
cific, and has been predicted or experimentally
confirmed in a range of vertebrate species (Li et
al. 2011). Therefore, in the paper, potential tar-
gets of miR-130a for VTE patients were predict-
ed utilizing a Bayesian probabilistic scoring meth-
od, the TargetScore method. As a result, a total
of 225 targets were obtained, such as ARHGEF37,
FNBP4, and ABHD3. Fortunately, 4 of 225 tar-
gets were validated by previous studies, which
suggested the feasibility and confidence of the
TargetScore method.

ARHGEF37 (Rho guanine nucleotide ex-
change factor 37) is a number of cytoplasmic

proteins family that activate the Ras-like family
of Rho proteins through exchanging bound GDP
for GTP, and may form a complex with G proteins
and stimulate Rho-dependent signals (Guo et al.
2016). Besides, Rho GTPase is critical for vari-
ous cellular processes that are activated by ex-
tracellular stimuli that work through G protein-
coupled receptors. This is the first time to un-
cover the relationship between VTE patients and
ARHGEF37. Meanwhile, FNBP4 (formin bind-
ing protein 4) plays important roles in regulating
cytoskeletal dynamics during cell division and
migration, and binds intersection family proteins
suggesting a role in the maintenance of mem-
brane curvature at sites of nascent vesicle for-
mation (Das et al. 2015). It has been demonstrat-

Fig. 1. Network for miR-130a and its target genes. The yellow node stood for miR-130a, the blue nodes
were target genes, and the edge represented the interaction between miR-130a and target gene
Source: Author
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ed that FNBP4 interacts with formins and other
proteins via its WW domains, and the length of
the FNBP4 gene varies greatly among different
species (Das et al. 2016). What’s more, FNBP4
acted as important role in the progression of
breast cancer (Nourashrafeddin et al. 2015), which
indicated that this gene correlated to cancer
closely. Additionally, VTE was related to cancer
tightly. Thus, the present research might indi-
cate that FNBP4 played certain roles in VTE pa-
tients to some extent.

KEGG pathway enrichment analysis was con-
ducted to identify biological gene sets and func-
tional processes in VTE patients. In conse-
quence, the 225 targets were enriched in 12 sig-
nificant pathways, of which 6 were attributed to
signaling pathways and 4 belonged to cancer
related pathways. In detail, FoxO signaling path-
way, MicroRNAs in cancer, and Prolactin sig-
naling pathway were the most significant ones
when compared with normal controls. Taking
FoxO signaling pathway as an example, the FoxO
family of transcription factors regulates genes
expression in cellular physiological events main-
ly associated with longevity, apoptosis, glucose
metabolism, cell-cycle control, and oxidative
stress resistance. Activation of FoxO factors has
been shown to suppress development and re-
production but increase the expression of genes
involved in a wide spectrum of stress responses
conserved in organisms (van der Vos and Coffer
2011). Hence, this pathway might be critical for
VTE patients.

CONCLUSION

The present research revealed potential tar-
gets of miR-130a, and their enriched significant
pathways based on the TargetScore method. The
findings might provide potential biomarkers for
treatment and prevention of VTE patients, and
even to reveal molecular mechanism in the pro-
gression of VTE. Future study should focus on
validations of these potential targets of miR-130a.

RECOMMENDATIONS

Results from the current study will provide
potential biomarkers for treatment and preven-
tion of VTE patients, and the groundwork for
the understanding of VTE pathogenesis.
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