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ABSTRACT Acute myocardial infarction (AMI) is a leading cause of. Hence, in this study, the researchers aimed to
identify long non-coding RNA (IncRNA) biomarkers for early stage AMI based on IncRNA-mediated competitive
endogenous RNA (ceRNA) network (LMCN). Seed IncRNAs were selected from the LMCN through network topological
centrality analysis. Subsequently, a sub-LMCN was extracted from LMCN based on Biclique algorithm. Ultimately,
Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analyses were conducted on
nodes in the sub-LMCN. Researchers found 45 IncRNAS, 1,756 mRNAs and 2,323 ceRNA interactions in the LMCN,
of which 9 seed INcRNAs were obtained. A sub-LMCN with 22 IncRNASs, 341 mRNAs, and 811 ceRNA interactions
were extracted. A total of 12 GO terms and 6 pathways were denoted as functional genes of early stage AMI. The seed
IncRNAs and their functional genes might be potential biomarkers for early stage AMI treatment.

INTRODUCTION

Acute myocardia infarction (AMI) isaglo-
bal leading cause of morbidity and mortality in
cardiovascular diseases, despite the rate having
significantly declined over the past decade
(Bank et a. 2016). The most common symptomis
chest pain or discomfort which may travel into
the shoulder, arm, back, neck, or jaw. Its progress
isaresult of several major trends, including im-
provements in risk stratification, more wide-
spread use of an invasive strategy, implementa-
tion of care delivery systems prioritising imme-
diate revascularisation through percutaneous
coronary intervention, advances in antiplatelet
agents and anticoagulants, and greater applica-
tion of secondary prevention strategies (Reed
et al. 2013). Importantly, an early and correct di-
agnosis might warrant immediate initiation of
reperfusion therapy to potentially reduce the
mortality rate (Stengaard et al. 2016). Biomark-
ers, used to establish adiagnosisin patientswith
AMI, have emerged largely from targeted analy-
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ses of known myocardial proteins and become
more and more important for diagnosis of AMI
(Li etd.2017b). For instance, creatinekinase MB
isoenzymes, cardiac myoglobin, and troponins
have been widely applied in clinical diagnosis
(Langhans et al. 2014). However, investigating
new biomarkerswith high sensitivity and speci-
ficity in early diagnosis of AMI never stop.

Recently, long non-coding RNAs (IncR-
NAs), which are non-proteincoding and greater
than 200 nucleotides in length, have received
considerableattention (Hao et al. 2017). Owing
to development of high-throughput technolo-
gy, IncRNAs have been uncovered in numer-
ousof biological processes, especially chroma-
tin modification, the regulation of cell apopto-
sis and invasion, reprogramming of induced
pluripotent stem cells and genomic imprinting
(Qiuetal.2017; Xieetal. 2017; Pan et a. 2016;
Liuetal.2017). Inaddition, it had been demon-
strated that INcRNAS took active participated
in competing endogenous RNASs (ceRNAS) reg-
ulations for purpose of corresponding to other
RNA transcriptssimultaneously (Li etal. 2017z;
Wang et a. 2017). Nonetheless, the functions
of IncRNAsin AMI are not well characterized,
and theidentification of INCRNA biomarkersis
challenging.

Therefore, inthe present study, the research-
ersaimed to explorelIncRNA biomarkersfor ear-
ly stage AMI based on an IncRNA-mediated
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ceRNA network (LMCN). To achievethisgoal,
firstly, the LMCN was constructed by Pearson
correlation coefficient (PCC) agorithm depen-
dent on INcRNA and mRNA expression data, and
miRNA-target interactions. Secondly, seed In-
cRNAs of the LMCN were identified through
network topological centrality analysis. Thirdly,
asub-LMCN was extracted from the LMCN by
seed INcRNA expansion based on the Biclique
algorithm. Finally, Gene Ontology (GO) and Ky-
oto Encyclopedia of Genes and Genomes
(KEGG) pathway analyses were conducted on
nodes in the sub-LMCN to explore significant
functional gene sets of early stage AMI. These
biomarkers might be potential markersfor target
treatment of early stage AMI, and give a hand
for revealing pathological mechanism underly-
ing this disease.

METHODOLOGY

PreparingIncRNA, miRNA and mRNA
Expression Data

In this paper, INCRNA-miRNA and mRNA-
miRNA interactionswere collected from online
confirmed small non-coding RNAs (SRNAS) tar-
get Base (starBase) v2.0 (http://starbase.
sysu.edu.cn/). Herein, starBase managesacom-
prehensive exploration for miRNA-target inter-
actions that curated from those published stud-
ies manually (Yang et al. 2011), and identifies
RNA-RNA and protein-RNA interaction net-
worksfrom 108 CLIP-Seq (PAR-CLIBHITSCLIR,
iCLIP, CLASH) datasets systematically (Li et al.
2013).

Meanwhile, the researchers prepared a
dataset (E-GEOD-29532) for IncRNAsand mR-
NAsof early stageAMI from ArrayExpress da-
tabase (http://www.ebi.ac.uk/arrayexpress/).
Specificaly, E-GEOD-29532 was comprised of 6
normal controls and 49 early stage AMI sam-
ples, and presented on Affymetrix GeneChip
Human Exon 1.0 ST Array version 1 [HUEx-1 O-
st-v1] Platform. Prior to analysis, the research-
ersperformed pre-treatments on the dataset and
converted the pre-processed data on probe lev-
el into gene symbols. Consequently, a total of
14,451 geneswere identified in the dataset.

In order to build a close relationship for In-
cRNA-miRNA and mRNA-miRNA interactions
withAMI, genesin the dataset were taken inter-
sections with the two specific kinds of interac-
tions. A new expression dataset with 8,471 mR-
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NAs and 51 IncRNAs were obtained. Subse-
quently, the researchers captured interactions
containing any gene of the new dataset from the
INcRNA-miRNA and mRNA-miRNA interactions
mentioned above. Ultimately, 265,782 miRNA-
mMRNA or miRNA-target interactions, and 598
INcRNA-miRNA interactionswere determined for
further study.

I dentifying ceRNA Interactions

Hypergeometric test takes advantage of a
hypergeometric distribution to compute the sta-
tistical significance of having drawn a specific
successes from af orementioned popul ation (Ska-
1a2013). Thus, the researchers executed the hy-
pergeometric test to enable assessment of the
significance for the common miRNAs between
each IncRNA and mRNA (Sumazin et a. 2011),
and to capture ceRNA interactions based on the
265,782 miRNA-target interactionsand 598 In-
cRNA-mRNA interactions. Supposing that N
was the total number of miRNAs, of which K
and M were the numbers of miRNAs associated
with thecurrent IncRNA and mRNA, the Pvalue
was calculated in order to evaluate the enrich-
ment significancefor that function asfollowing:

()

Of which c wasthe common miRNA number
shared by theIncRNA and mRNA. Of note, mul-
tiplemiRNAsbelonging to the same family were
combined into one, and the hypergeometric test
counted every miRNA family only once. Impor-
tantly, all P values were adjusted by false dis-
covery rate (FDR) implemented in Benjamini and
Hochberg method (Benjamini et a. 2001). Only
INcRNA-mRNA interactions which met to the
threshold of P<0.01 were considered to be ceR-
NA interactionsfor early stage AMI.

s S G

ConstructingLMCN

Although ceRNA interactions were identi-
fied as described above, the interacted strength
between INcRNA and mRNA inaceRNA inter-
action was still unknown. Therefore, PCC algo-
rithm was employed to measure the co-expres-
sion probability for the competing IncRNA-
MRNA pairs(Nahler 2009). Assuming i andj stood
for two variables of aceRNA interaction under a
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specific condition, the PCC was computed ac-
cording to theformula:
cov(i,j)

0;0;

Where cov(i, j) represented the covariance
of i and j; o; and o; stood for the standard devia-
tions for i and j, respectively. We should note
that the PCC for a ceRNA interaction across
normal and AMI condition was different. The
difference of PCC value acrossnorma and AMI
condition was defined as aweight for this ceR-
NA interaction. If theweight for aceRNA inter-
action was morethan 0.90, it would bereserved
for constructing aLMCN for early stage AMI.
Besides, the LMCN wasvisualized by Cytoscape
v3.1.0 (http://www.cytoscape.org/) (Morriset a.
2014). Cytoscapeisan open sourcefor integrat-
ing biomolecular interaction networkswith high-
throughput expression data and other molecu-
lar states into a unified conceptual framework
(Shannon et al. 2003).

PCC(i,j) =

Selecting Seed INCRNAS

To the best of the researchers’ knowledge,
topological centrality is shown to be effective
for identifying essential moleculesin well-char-
acterized interaction networks (Prifti et al. 2010).
Thus the researchers conducted the topologi-
cal centrality analysis to understand the func-
tionality of complex systems of IncRNAs and
mRNAsinthe LMCN. Degree quantifiesthelo-
cal topology of each node, by summing up the
number of its adjacent nodes (Haythornthwaite
1996). It gives asimple count of the number of
interactions of a given node. The nodes at the
top of degree distribution (>99.5% quantile) in
the significantly perturbed networks were de-
fined as seed nodes. What’s more, the research-
ers investigated the relationship between the
number of nodes and node degree distribution
using the Network Analyzer 2.7 plugin (Assen-
ov et a. 2008) in Cytoscape v3.1.0, and the fit-
ting coefficient R? was produced. Since networks
in general are modular and scale-free, agood R?
indicates that the network has a power-law (or
scale-free) degreedistribution (Ravasz et d. 2002;
Rifai and Ridker 2001).

Extracting Sub-LMCN
To further investigate significant mMRNAs or

target genes regulated by the seed IcnRNAS in
details, asynergistic, competing IncRNA mod-
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ule (sub-LMCN) wasextracted fromthe LMCN
using the Biclique algorithm (Binkele-Raible et
a. 2010). The sub-L MCN was acomplete bipar-
tite graph in which an edge was realized from
every vertex of a set to every vertex of atarget
gene set. In particular, vertices of such graph
could be partitioned into two subsets X and Y
such that no edge had both endpointsin the same
subset, and every possible edge that connected
verticesin different subsetswas part of the graph
(Diestel 2005). Briefly, it wasabipartitegraph (x,
y,» S such that for every two verticesx, € X and
y, € Y,Xy, isanedgein S Every two graphswith
the same notation were isomorphic.

Functional Enrichment Analysis

For purpose of exploring significant gene
sets enriched by seed INcRNAs and their target
genesinthe sub-LMCN, functional enrichment
analyses were carried out on them, including
the Gene Ontology (GO) and Kyoto Encyclope-
diaof Genesand Genomes (KEGG) pathway en-
richment analysis.

GO Enrichment Analysis

GO (http://www.geneontol ogy.org) provides
structured, controlled vocabularies and classifi-
cationsthat cover several domains of molecular
and cellular biology and arefreely available for
community usein the annotation of genes, gene
products and sequences (Consortium 2004). In
thiswork, GO functiona enrichment analysiswas
conducted using the Database for Annotation,
Visualization and Integrated Discovery (DAV-
ID) based on the guilt by association strategy.
DAVID (https.//david.ncifcrf.gov/) isaweb tool
providing a comprehensive set of functional
annotation for researchers to understand the
biological meaning behind a large number of
genes (Huang da et al. 2009). Furthermore, the
Fisher's exact test (Routledge 2005) was em-
ployed to eval uate the significances of GO terms
between normal controls and AMI patients of
early stage. The Pvalueswere corrected relying
on FDR through Benjamini and Hochberg ap-
proach (Benjamini et al. 2001). Finaly, GOterms
with P<0.01 wereregarded as statistically sig-
nificant between normal controls and AMI pa-
tients of early stage.
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Pathway Enrichment Analysis

As described above, the researchers con-
ducted pathway enrichment analysis for target
genes of INcRNAs of sub-LMCN according to
the KEGG implemented in DAVID. Here, the
KEGG database (http://www.genome.j p/kegg/)
isacollection of manually drawn pathway maps
for metabolism, genetic information processing,
environmental information processing such as
signal transduction, various other cellular pro-
cesses and human diseases (Kanehisa 2000).
Besides, the Fisher’sexact test (Routledge 2005)
was employed to identify the significant path-
ways between AMI patients and normal con-
trols. Thethreshold of significance was defined
as P < 0.01 which were adjusted by FDR based
on Benjamini and Hochberg method (Benjamini
eta. 2001).

RESULTS
LMCN

In this section, the researchers used the hy-
pergeometric test to identify ceRNA interactions
from 598 IncRNA-miRNA interactions and
265,782 miRNA-target interactions. A Pvaluewas
implemented to compute the significance of the
shared miRNAs between each IncRNA-mRNA
pair. The result showed 34,586 ceRNA interac-
tionsinvolvedin 51 IncRNAsand 8,125 mRNASs
were obtained when setting the thresholding as
P<0.01. With the goal of assessing the strength
between IncRNA and mRNA inaceRNA inter-
action, aweight was cal cul ated for each ceRNA
pair identified above dependent on the PCC
method. Consequently, significantly co-ex-
pressed ceRNA interactions with weight > 0.90
were reserved to construct a LMCN for early
stage AMI, and then were graphically visual-
ized by Cytoscapev3.1.0 (Fig. 1). Asaresult, the
LMCN wasconsisted of 45IncRNAS, 1,756 mR-
NAs and 2,323 ceRNA interactions. In detail,
weight distribution for ceRNA interactions in
the LMCN was displayed in Figure 2A. We
found that the weight ranged from 0.90 to 1.65,
especially thesection of 1.00~1.20. From aglo-
bal view, the distribution between the number of
interactions and their weights accorded with
normal distribution approximately.
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Seed IncRNASs

With an attempt to investigate the biol ogical
importancefor nodesinthe LMCN, topological
degree centrality analysis was performed. As
described in Figure 2B, the node degree distri-
bution revealed a good power law distribution
(R?=0.99999), which indicated the LMCN for
early stage AMI was a scale-free network. Par-
ticularly, theIncRNA nodesweretypicaly inthe
central region of the network, whilethemRNAs
nodesweretypically inthe outsidelayer. In con-
seguence, nodes with high degree belonged to
IncRNASs, whereasthe degreesfor mMRNAswere
smaller than 5. In brief, there was a statistical
significancewith P< 0.01 for node degree distri-
bution of INcRNAswhen comparing with that of
MRNASs(Fig. 2C).

On the basis of ceRNA regulatory behavior,
theIncRNAsinthe LMCN were more likely to
have central regulatory rolesthan mRNAS, espe-
cialy those with high degree. Therefore, the In-
cRNAsat thetop of degreedistribution (> 99.5%
quantile) were defined as seed INcRNAs. Specif-
ically, atotal of 9 seed INcCRNAS were detected
(Fig. 2B), containing LINC00839 (Degree=265),
EPB41l 4A-ASL (Degree=241), TAPT1-ASL (De-
gree=207), TTTY 15(Degree=164), NPSR1-AS1
(Degree=148), SNHG12 (Degree=129), MCM3
AP-AS1 (Degree=92), LINC00242 (Degree=87)
and MALAT1 (Degree=79).

Sub-LMCN

Since seed InNcRNAs might be more signifi-
cant than the othersinthe LMCN for early stage
AMI and a network with too large scale might
be too generic, thus the researchers extracted a
sub-L MCN which exhibited more detail s of how
the IncRNAS synergized with competing mR-
NAsfromthe LMCN dependent on the Biclique
agorithm. Thesub-LMCN wasillustrated in Fig-
ure 3, of which 22 IncRNAS, 341 mRNAS, and
811 ceRNA interactions were comprised. Fur-
thermore, the degree distribution for nodes in
thissub-LMCN wasclarified (Fig. 4). Degreedis-
tribution of al nodesreflected a power-law dis-
tribution (R? = 0.99935), which suggested that
the sub-network was a scal e free network. Apart
from the 9 seed INcRNAs, the other 13 IncRNAS
also were mapped to the sub-LMCN. The total
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Fig. 4. Topological property for the sub-LMCN.
Degree distribution of all nodes reflected a pow-
er-law distribution (R? = 0.99935)

Source: Author

22 |cnRNAstogether regulated 341 mRNAS, and
these interactions might play key rolesin vari-
ousbiological processesof early stageAMI pro-
gression. Hence the researchersidentified their
functional gene setsin the next part.

Functional Gene Sets

Asdescribed above, GO and pathway enrich-
ment analyses were carried out on nodes in the
sub-L MCN, respectively. Theresults showed that
atotal of 12 GO terms were obtained under the
threshold of P< 0.01 (Table 1). The most signifi-
cant five terms were response to endoplasmic
reticulum stress (P = 3.39E-07, Count = 52), pepti-
dyl-lysnemodification (P=1.20E-05, Count = 69),
histone modification (P= 1.35E-05, Count = 73),
MRNA processing (P=2.22E-05, Count =77), and
posttranscriptional regulation of geneexpression
(P=2.38E-05, Count = 76).

Table 1: GO terms with P < 0.01
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Theresult of KEGG pathway enrichment anal-
ysis displayed that 6 significant pathways with
P<0.01 wereobtained (Table 2). In details, Pro-
tein processing in endoplasmic reticulum (P =
3.65E-12, Count = 48), SNARE interactionsin
vesicular transport (P = 7.84E-10, Count = 54),
Amino sugar and nucleotide sugar metabolism
(P=3.30E-07, Count = 29), AMPK signding path-
way (P=2.78E-05, Count = 35), and Neuroactive
ligand-receptor interaction (P = 3.53E-04, Count
=40) werethetop 5 onesin descending order of
P values. Specifically, all of seed IncRNAS ex-
cept for SNHG12 were enriched in Protein pro-
cessing in endoplasmic reticulum, while SNARE
interactionsin vesicular transport had 7 of 9 seed
IncRNAsapart from LINC00242 and MALAT1.

DISCUSSION

MiRNAs, a endogenous small RNAs 21-25
nucleotides in length, can pair with the 32 un-
trandated region sitesin mMRNASs of protein-cod-
ing genesto downregulatetheir expression (Tsi-
achriset al. 2018), and they play important roles
invarious physiological and pathologic process-
es(Fanetal. 2017; Yan et al. 2017). LncRNAs
interact with miRNAs and indirectly regulate
miRNA targets. Particularly, by sharing common
miRNA-binding sites with mRNAS, IncRNAs
compete with miRNA target genes for miRNA
molecules, thereby relieving miRNA-mediated
target repression (Wang et al. 2015; Zhang et al.
2017). However, molecular mechanisms under-
lying theseinteractionsare still largely unknown.
Thus, in thisstudy, ceRNA interactions between
competing INcRNAs and mRNAs by mediation
of miRNAs were studied. A LMCN was con-
structed for early stage AMI, which comprising
45 IncRNAs, 1,756 mRNAs and 2,323 ceRNA

ID GO term P value Count
G0:0034976 Response to endoplasmic reticulum stress 3.39E-07 52
G0:0018205 Peptidyl-lysine modification 1.20E-05 69
G0:0016570 Histone modification 1.35E-05 73
G0:0006397 mRNA processing 2.22E-05 77
G0:0010608 Posttranscriptional regulation of gene expression 2.38E-05 76
G0:0006986 Response to unfolded protein 3.09E-05 36
G0:0035966 Response to topologically incorrect protein 3.79E-05 38
G0:0034620 Cellular response to unfolded protein 3.88E-04 30
G0:0035967 Cellular response to topologically incorrect protein 3.91E-04 32
G0:0071900 Regulation of protein serine/threonine kinase activity 1.59E-03 73
G0:1903311 Regulation of mRNA metabolic process 1.70E-03 28
G0:0030968 Endoplasmic reticulum unfolded protein response 1.99E-03 28
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Table 2: KEGG pathways with P < 0.01
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1D Pathway P value  Count Seed IncRNA
hsa04141 Protein processing in 3.65E-12 48  LINCO00839, EPB41L4A-AS1,
endoplasmic reticulum TAPT1-AS1, TTTY15,
NPSR1-AS1, MCM3AP-AS1, LINC00242,
MALAT1
hsa04130  SNARE interactions in 7.84E-10 54  LINCO00839, EPB41L4A-AS1, TAPT1-ASL,
vesicular transport TTTY15, NPSR1-AS1, SNHG12, MCM3AP-
AS1
hsa00520 Amino sugar and nucleotide 3.30E-07 29 LINCO00839, EPB41L4A-AS1,
sugar metabolism TAPT1-AS1, TTTY15
hsa04152  AMPK signaling pathway 2.78E-05 35 LINCO00839, EPB41L4A-AS1, TAPT1-ASL,
NPSR1-AS1, SNHG12, LINC00242
hsa04080 Neuroactive ligand-recep- 3.53E-04 13 EPB41L4A-ASl, MALAT1
tor interaction
hsa04722 Neurotrophin signaling pathway 9.28E-04 40 LINCO00839, EPB41L4A-AS1, TAPT1-AS1,
NPSR1-AS1, SNHG12, LINC00242
hsa04740  Olfactory transduction 4.09E-03 9 LINCO00839, EPB41L4A-AS1,

TAPT1-AS1, NPSR1-AS1

interactions. In addition, the degree distribution
of entire nodesreveal ed power law distribution,
which indicated that the AMI-associated LM CN
was ascale-free network. These results suggest-
ed that the LM CN was similar to many biologi-
cal networks and was well organized by a core
set of INcRNA-mRNA competing principlesinto
structured rather than random networks (Cao et
al. 2016; Zhueta. 2017).

One of thefundamental problemsin network
analysisisto determinethe importance of apar-
ticular vertex in anetwork (Xiao et al. 2017). In
the current work, the researchers accessed to-
pological degree analysis to select important
nodes with informative signatures, and 9 seed
IncRNAswere abtained, including LINC00839,
EPB41L4A-ASL, TAPT1-ASL TTTY 15, NPSR1-
AS1, SNHG12, MCM3AP-ASL, LINC00242 and
MALAT1. In brief, expression profiling of
LINC00839 (long intergenic non-protein coding
RNA 839) was related to nasopharyngeal non-
keratinizing carcinoma(Zhang et a. 2016). While
SNHG1 (small nucleolar RNA host gene 1) was
identified asanovel predictor for event-free sur-
vival in neuroblastoma, but the functional char-
acterization and clinical implication of LINC00839
inthistumor weredtill unknown (Sahu et a. 2014).
In addition, EPB41L4A-AS1 (Erythrocyte mem-
brane protein band 4.1 like 4A) might play cer-
tain roles in human cancers, such as aneurysm
of thethoracoabdominal aorta(Zhao et al. 2014).
Meanwhile, Marta et al revealed that TAPT1-
AS1 (transmembrane anterior posterior transfor-
mation 1 antisense RNA 1) wasdifferentially ex-
pressed in alarge fraction of multiple myeloma

samples (Marta et al. 2015). Above al, the re-
searchersmay infer that IncCRNAs often regul at-
ed the expressions of tumor genes, but thereis
rare study which focused on their functionsin
other diseases. According with the researchers’
results, it isthefirst timeto uncover the correla
tions between seed INcRNAs and early stage
AMI.

Although the data of large-scale protein in-
teraction is keeping accumulated with the de-
velopment of high throughput technology, a
certain number of significant nodes and interac-
tionsarenot tested (Rice et al. 2017). Besides, a
network with too large-scale might be too ge-
neric and not representative. This type of diffi-
culty might beresolved to some extent by utiliz-
ing sub-networks of the complex network (Wu
et al. 2014). What'smore, IncRNAsand mRNASs
connected to seed InNcRNAs might be more sig-
nificant than the others. Hence the researchers
extracted asub-LMCN fromthe LMCN by seed
INcRNA expansions utilizing the Biclique algo-
rithm. Furthermore, GO and KEGG pathway en-
richment analyses were conducted on 22 IncR-
NAsand 341 mRNAsin thesub-LMCN, and the
results showed that atotal of 12 GO termsand 6
pathways were denoted as functional gene sets
of early stage AMI.

CONCLUSION

The researchers have identified seed IncR-
NAs and their functional gene setsfor AMI re-
lying on network-based GBA method. Thefind-
ings might provide potential biomarkersfor ear-
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ly stage AMI treatment, and reveal potential
mechanism underlying this disease.

RECOMMENDATIONS

However, how these seed INcCRNASs affect
each other isstill unknown, and thusfuture study
should focus on this aspect.
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