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A microRNA is a small noncoding RNA molecule, which functions in RNA silencing and posttranscriptional regulation of
gene expression. To understand the mechanism of the activation of microRNA genes, the location of promoter regions driving
their expression is required to be annotated precisely. Only a fraction of microRNA genes have confirmed transcription start
sites (TSSs), which hinders our understanding of the transcription factor binding events. With the development of the next
generation sequencing technology, the chromatin states can be inferred precisely by virtue of a combination of specific histone
modifications. Using the genome-wide profiles of nine histone markers including H3K4me2, H3K4me3, H3K9Ac, H3K9me2,
H3K18Ac, H3K27me1, H3K27me3, H3K36me2, and H3K36me3, we developed a computational strategy to identify the promoter
regions of most microRNA genes in Arabidopsis, based upon the assumption that the distribution of histone markers around
the TSSs of microRNA genes is similar to the TSSs of protein coding genes. Among 298 miRNA genes, our model identified
42 independent miRNA TSSs and 132 miRNA TSSs, which are located in the promoters of upstream genes. The identification
of promoters will provide better understanding of microRNA regulation and can play an important role in the study of diseases at
genetic level.

1. Introduction

MicroRNAs (miRNAs) are small (∼22 nucleotides) noncod-
ing RNAs, which are processed to ∼70-nucleotide precursors
and subsequently to the mature form by endonucleases [1, 2].
miRNAs are disseminated throughout the genome. They can
be found in intergenic regions, intronic regions of protein
coding genes, or intronic and exonic regions of noncoding
RNAs. They have many regulatory functions in complex
organisms. It is known that a single miRNA can influence
the expression of thousands of genes, thus controlling one-
third of the human genome [3]. Recent studies have showed
their association with human diseases and cancer [4, 5]
and indicate that miRNA expression, whether intronic or
intergenic, may be complex and varied among tissues, cell
types, and disease states [6–8].

The promoter of a gene is a crucial control region for its
transcription initiation [9, 10]. To make out the mechanism

of the activation of miRNA genes, it is required to locate their
core promoter regions. It has been noticed that promoter
regions contain characteristic features that can be used to
distinguish them from other parts of the genome. These
features may be grouped into three types: signal, context,
and structure features [11]. Signal features are biologically
functional regions including core-promoter elements [11,
12], some short modular transcription factor binding sites
(TFBSs), and CpG-islands [13], which play important roles in
assembly of transcriptional machinery. Context features are
extracted from the genomic content of promoters as a set of 𝑛-
mers (𝑛-base-long nucleotide sequences) whose statistics are
estimated from training samples [14]. Structure features are
derived from DNA three-dimensional structures, which play
important roles in guiding DNA-binding proteins to target
sites efficiently [15, 16].

However, only a small portion of the human miRNAs
has confirmed transcription start sites (TSSs). Imperfect
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knowledge of the start sites of primarymiRNA transcripts has
limited our ability to study the promoter sequence features
and further identify the transcription factor binding events.
All existing promoter prediction methods for protein coding
genes may not be suitable for miRNA genes, since they were
not built based on the core promoters of miRNA genes.
Hence, some studies have predicted the human pri-miRNAs
boundary and regulatory region by EST [17, 18], sequence
feature [19], and evolutionarily conservation [20]. Recently,
several studies that utilized high-throughput genomic tech-
niques identified the likely location of human miRNA TSSs
[7, 8, 21–25]. The sequencing of 5 transcript ends [26] and
genome tilling microarrays (ChIP-chip) for RNA polymerase
II [27] have been used to identify proximal promoters ofmiR-
NAs in Arabidopsis. Although numerous prediction models
were developed for identifying miRNA promoters or TSSs,
inadequate evidence was revealed to elucidate relationships
betweenmiRNA genes and transcription factors (TFs) due to
lack of experimental validation.

With the next generation sequencing technology devel-
opment, the genome-wide chromatin profiles have been
detected. Using the combinations of specific histone modi-
fications, chromatin states correlate with regulator binding,
transcriptional initiation, and elongation; enhancer activity
and repression can be inferred more precisely. Using bio-
logically meaningful and spatially coherent combinations
of chromatin marks, two studies have proposed a novel
approach for discovering chromatin states, in a systematic de
novo way across the whole genome based on a multivariate
hidden Markov model (HMM) [28, 29] which explicitly
modeled mark combinations.The chromatin marks included
histone acetylation marks, histone methylation marks, and
CTCF/Pol2/H2AZ. By analyzing the genome-wide occu-
pancy data for these chromatin marks, the chromatin states
were definitely classified. Even though states were learned
de novo based solely on the patterns of chromatin marks
and their spatial relationships, they correlated strongly with
upstream and downstream promoters, 5-proximal and distal
transcribed regions, active intergenic regions, and repressed
and repetitive regions. And these chromatin states were dis-
tinguished into six broad classes including promoter states,
enhancer states, insulator states, transcribed states, repressed
states, and inactive states according to the present/absent
condition of the combination of chromatin marks.

Recently, genome-wide maps of nine histone modifi-
cations produced by ChIP-Seq were used to describe the
chromatin patterns in Arabidopsis [30]. Previous study has
found that miRNA and protein coding genes share similar
mechanisms of regulation by chromatin modifications [31].
Based upon the assumption that the distributions of histone
markers around the TSSs of miRNA genes are similar to
the TSSs of protein coding genes, we have developed a
computational strategy to identify the promoter regions
of most miRNA genes. Comparing to HMM, the Support
Vector Machine (SVM) has better performance in binary
classification. In this study, SVM was used to distinguish the
distributions of 9 histone markers in promoter regions and
nonpromoter regions.

2. Method

2.1. Data Description. In the previous study, the ChIP-Seq
experiments of nine histone modifications, H3K4me2,
H3K4me3, H3K9Ac, H3K9me2, H3K18Ac, H3K27me1,
H3K27me3, H3K36me2, and H3K36me3, were produced in
the aerial tissue of 2-week-old Arabidopsis plants [30]. The
whole genome profiles of nine ChIP-Seq experiments were
downloaded from the National Center for Biotechnology
Information Gene Expression Omnibus (accession number
GSE28398). 35 bps color-space reads for each of the histone
markers were aligned to TAIR 8 Arabidopsis thaliana
reference genome. Here, we converted the genome position
of each read from TAIR 8 genome assembly to TAIR 10
genome assembly.

The gene annotation of TAIR 10 genome assembly was
downloaded from Arabidopsis Information Resource (TAIR)
(https://www.arabidopsis.org/), in which more than 27,000
protein coding genes were annotated. Arabidopsis miRNAs
annotationwas downloaded frommiRNA registry [32] (miR-
Base, v20), and 298 miRNAs were annotated in miRBase.

2.2. ChIP-Seq Data Processing. In order to retrieve the his-
tone modifications patterns around the transcription start
sites of protein coding gene, we first divided the genomic
regions neighboring TSS into 100 bp bins. We wanted to
compare the same regions in the genome for the number
of reads they have in nine different histone modification
libraries, so we absolutely normalized the raw data to reads
permillion per bin (RPM).We calculated the number of reads
that fall into an individual bin divided by the number of reads
in the sample data set and then multiplied by 106 to get the
value per million. In this way we got an RPM track of 100
base bins covering the genome; thus samples with different
numbers of reads become comparable. The RPM formula is
as follows:

RPM
𝑖
= 𝑅

𝑖
∗

10

6

𝑁

.
(1)

Here, 𝑅
𝑖
represents the number of reads falling into the 𝑖th

bin and𝑁 represents the total number of mapped reads.
The histone binding pattern nearby the TSSs of all protein

coding genes is retrieved as positive set, and the ones of 10,000
random positions are retrieved as negative set.

2.3. SupportVectorMachine. In this study, the SupportVector
Machine (SVM) was used to classify the TSSs and random
regions based on the profiles of nine histone markers. The
SVM is described as follows.

Given a training data𝐷, a set of 𝑛 points of the form
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where 𝑥
𝑖
is the reads count in each bin around the 𝑖th gene’s

TSS and the 𝑦
𝑖
is either 1 or −1, indicating the two classes to

be classified as the real transcription start sites versus random
genomic regions.
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Figure 1: The distribution of histone markers around TSS of protein coding genes. (a) The ChIP-Seq-derived histone modifications patterns
around the TSS of protein coding gene in Arabidopsis. The RPM distributions of nine histone markers including H3K4me2, H3K4me3,
H3K9Ac, H3K9me2, H3K18Ac, H3K27me1, H3K27me3, H3K36me2, and H3K36me3 were marked by different colors. (b) The pattern of
ChIP-Seq-derived H3K4me3 around the TSS of protein coding gene (red curve) and random genomic region (blue) in Arabidopsis.

The decision function of SVM is

sgn(
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Here, 𝐾(𝑥
𝑖
, 𝑦

𝑖
) is the radial basis function (RBF) kernel,

because of its good general performance and a few number
of parameters (only two: 𝐶 and 𝛾).

We used the R package “e1017,” which offers an interface to
package LibSVM (version 2.6). To obtain SVM classifier with
optimal performance, the penalty parameter 𝐶 and the RBF
kernel parameter 𝛾 are tuned based on the training set using
the grid search strategy in e1017.

3. Result

3.1. The Histone Marker Distribution around TSS of Protein
Coding Genes. The goal of this study was to use ChIP-Seq-
derived histone marker data to identify transcription start
sites of miRNAs in Arabidopsis. We first examined the 9-
histone-marker pattern around the TSS of protein coding
genes. We divided the genomic regions into multiple 100 bp
bins and calculated the reads per million per bin (RPM)
of each histone marker’s fragments located in each of the
bins within 2,000 bp upstream and downstream the TSS. Not
surprisingly, most of these nine histone markers are enriched
around the transcription start sites of protein coding genes
and a peak of RPM can be found near the TSS (Figure 1(a)).
While, among these nine histone markers, the H3K4me3 has

the most significant peak, H3K9me2 and H3K27me1 have
no peak in TSS. We also randomly selected 10000 genomic
positions to examine the histone marker pattern. No such
enrichment was found for H3K4me3 signal (Figure 1(b)) and
other histonemarkers in randomgenomic regions. It suggests
that the histonemarkers are strongly correlated with TSS.We
can predict the promoter by examining the distribution of
histone markers around TSS.

3.2. The Training and Prediction of SVM Using Nine Histone
Markers. In this study, we used Support Vector Machine
(SVM) to predict the TSSs of miRNA based on the profiles
of 9 histone markers. We selected the fragment distribution
derived from ChIP-Seq data of 9 histone markers around
TSS in 27,000 protein coding genes as positive set and those
on 10,000 random positions as negative set. To estimate
the accuracy of our method, we used random half of the
positive set and half of the negative set to train SVM and
then predicted the remaining positive and negative set. The
prediction probability was presented using characteristic
curve (ROC curve), in which the abscissa is specificity that
represents the false positive rate and the ordinate is sensitivity
that represents the true positive rate. If the area under ROC
curve (AUC) is bigger, the accuracy of prediction is higher.
At first, we used the distribution pattern of one single histone
marker to train SVMand nine ROC curves of predicted result
were shown in Figures 2(a)–2(i). For each histone marker,
4 different histone patterns were picked up around TSS,
which were 20, 15, 10, and 5 bins up and down TSS. Notably,



4 BioMed Research International

Se
ns

iti
vi

ty

H3K4me2
1.0

1.0

0.8

0.8

0.6

0.6

0.4

0.4

0.2

0.2
0.0

0.0
1 − specificity

Bin = 20, AUC = 0.852

Bin = 15, AUC = 0.851

Bin = 10, AUC = 0.847

Bin = 5, AUC = 0.835

(a)

H3K4me3

Se
ns

iti
vi

ty

1.0

0.8

0.6

0.4

0.2

0.0
1.00.80.60.40.20.0

1 − specificity
Bin = 20, AUC = 0.792

Bin = 15, AUC = 0.797

Bin = 10, AUC = 0.797

Bin = 5, AUC = 0.779

(b)

H3K9Ac

Se
ns

iti
vi

ty

1.0

0.8

0.6

0.4

0.2

0.0
1.00.80.60.40.20.0

1 − specificity

Bin = 20, AUC = 0.819

Bin = 15, AUC = 0.821

Bin = 10, AUC = 0.816

Bin = 5, AUC = 0.794

(c)

H3K9me2
Se

ns
iti

vi
ty

1.0

0.8

0.6

0.4

0.2

0.0
1.00.80.60.40.20.0

1 − specificity
Bin = 20, AUC = 0.606

Bin = 15, AUC = 0.600

Bin = 10, AUC = 0.599

Bin = 5, AUC = 0.590

(d)

H3K18Ac

Se
ns

iti
vi

ty

1.0

0.8

0.6

0.4

0.2

0.0
1.00.80.60.40.20.0

1 − specificity

Bin = 20, AUC = 0.823

Bin = 15, AUC = 0.823

Bin = 10,AUC = 0.817

Bin = 5,AUC = 0.808

(e)

H3K27me1

Se
ns

iti
vi

ty

1.0

0.8

0.6

0.4

0.2

0.0
1.00.80.60.40.20.0

1 − specificity

Bin = 20, AUC = 0.601

Bin = 15, AUC = 0.599

Bin = 10, AUC = 0.591

Bin = 5, AUC = 0.572

(f)

Figure 2: Continued.
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Figure 2: ROC curve for TSS prediction of protein coding genes with different histone markers. From (a) to (i), the ROC curve shows the
sensitivity and specificity of the TSS prediction for protein coding genes with different histone marker. For each histone marker, the ROC
curve was calculated within four different ranges around the TSS. For example, the red curve represents the ROC curve calculated within 20
bins up and 20 bins down of the TSS. The area under the curve (AUC) for each range around the TSS is shown in each graph. (j) The ROC
curve for TSS prediction of protein coding genes with the combined nine histone markers.

theH3K4me3 has the biggest AUC (∼0.85) and the prediction
accuracy in each pattern selection based on different bin
number is very similar. On the contrary, the H3K9me2 and
H3K27me1 have the smallest AUC (∼0.6). This result is very
consistent with the enrichment of histone marker pattern
around the TSS. In most histone marker predictions, the
AUC scores are increased from 5 bins to 20 bins, which
means the statistical power is increased. To get more accurate
prediction, we combined all the nine histonemarkers to train
SVM and predict TSS (Figure 2(j)). All the AUC scores of
4 different histone patterns based on bin number are above
0.9. The highest AUC score is 0.913 based on prediction of 10
bins. In the next step,wewill predict themiRNA transcription

start sites by integrating 9 histone markers around 10 bins of
upstream and downstream TSSs.

3.3. The Prediction of TSSs of miRNA Genes. The objective of
this studywas to identify theTSSs ofmiRNAsby searching for
histonemarker patterns similar to those seen in the upstream
regions of protein coding genes. The Arabidopsis genome has
a large density of gene distribution, which is about one gene
every 4-5 kb. The distance between miRNA and the TSS of
its nearest upstream gene was calculated (Figure 3(a)), which
showed miRNAs whose corresponding distance is <1 k, 1-2 k,
or 2-3 k had the highest frequencies. 217 of 298 distances
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Figure 3: Features of predicted miRNA TSSs. (a) Histogram illustrating the distance between 298miRNAs and their upstream genes. (b)The
number of identifiedmiRNATSSs.The blue sector represents the 42 independent miRNATSSs.The green sector represents the 132 predicted
miRNA TSSs in the same position as the TSS of their upstream genes. The red sector represents 124 miRNAs that have no predicted TSS. (c)
The distances between the predicted independent miRNA TSSs and their corresponding miRNAs.

betweenmiRNAs and upstreamTSSs are less than 5 k, and no
miRNAs are far away from the nearest upstream TSS to 10K.
In this study, we focused our study on 298 miRNAs obtained
from miRBase miRNA sequence database (version 20). For
eachmiRNA, SVMwas used to search the TSS of the primary
miRNA up to 10 kbp upstream the mature miRNAs. We
combined the profile of 9 histone markers in up and down 10
bins aroundTSS to train the SVMand then predict promoters
of 298 miRNA genes. Using FDR ≤ 0.1, we identified 42
miRNAs which have independent TSSs (Table 1). Among
298 miRNAs, the predicted TSSs of 124 miRNAs were at
the same position as the promoter of upstream nearest
gene (Supplementary Table 1 in Supplementary Material
available online at http://dx.doi.org/10.1155/2015/861402), and
the remaining 132 miRNAs were not predicted (Figure 3(b)).
We also calculated the distance between 42 independent
TSSs and the corresponding miRNAs, which were shown in
Figure 3(c). Obviously, most of the independent predicted
promoters were much close to the corresponding miRNAs.

3.4. The Histone Pattern around Predicted miRNA TSSs.
miRNAs ath-MIR167b and ath-MIR773b are selected to show

the histone pattern around the predicted TSSs (Figure 4).
miRNA ath-MIR167b and upstream gene AT4G19390 are
head-to-head gene pair (Figure 4(a)). Our method identified
an independent TSS of ath-MIR167b, which is 2 k far away
from gene AT4G19390. The histone marker profiles showed
two different peaks of combined nine histone markers,
which suggests these two opposite genes had differently
regulatory regions. miRNA ath-MIR773b and upstream gene
AT1G35470 are in the same strand (Figure 4(b)). The pre-
dicted TSS of ath-MIR773b overlaps with the AT1G35470
promoter region. Only one histonemarker peak can be found
in the promoter region of AT1G35470, and no histonemarker
is enriched between ath-MIR773b and AT1G35470. One
biological mechanism is that the miRNAs are transcribed
with the upstream genes at the same time. We found that 25
out of 124 miRNAs with the same TSSs as upstream genes
were intronicmiRNAs (SupplementaryTable 1), whichmeans
these miRNAs had the same regulatory region as host genes.

3.5. The Comparison with Other miRNA Promoter Identifi-
cation Methods. In previous studies, 5 rapid amplification
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Figure 5: The overlapping of 16 microRNA TSSs identified by all
three methods.

of cDNA ends procedure [26] and RNA polymerase II
ChIP-chip experiment [27] have been used to determine
promoters of miRNAs inArabidopsis. Our study predicted 42
independentmiRNATSSs by 9 histonemarkers. 16 among 42
TSSs of miRNAs were also identified by other two methods.
If a TSS position recognized by one method locates within
100 bp from TSS of the same miRNA identified by another
method, this TSS was considered to be the same by these two
methods. As we can see in Figure 5, 10 out of 16 miRNA TSSs
were consistent for all three methods. One miRNA TSS was

identified as being the same by our method and polymerase
II ChIP-chip, but not by 5 rapid amplification of cDNA ends
procedure. TwomiRNATSSswere the same for our result and
5 rapid amplification of cDNA ends procedure only.

4. Discussion

Annotation of the primary transcripts of miRNAs is
extremely important to our understanding of the biological
process of miRNAs and their regulatory targets. Although
much progress has been made in promoter recognition,
we are still far away from the goal of miRNA promoter
identification. High-throughput DNA sequencing is rapidly
changing the landscape of genomic research [33]. Recent
studies using ChIP-Seq technology have revealed genome-
wide transcription factor binding sites [34–36], RPol II
binding sites and patterns associatedwith active transcription
of coding genes [37, 38], and the distribution of histone
modifications across the genome [38]. The modifications of
the histones are found to be associated with transcription
initiation and elongation [39], which made plenty of pro-
moter prediction studies regarding histone modification as
significant features. For example, H3K4me3 is enriched in
the promoter regions, and H3K36me3 occurs at nucleosomes
covering primary transcripts of actively expressed genes [40].

In this study, 9 histone markers including H3K4me2,
H3K4me3, H3K9Ac, H3K9me2, H3K18Ac, H3K27me1,
H3K27me3, H3K36me2, and H3K36me3 were used to
predict miRNA promoters. Based upon the assumption that
the distributions of histone markers around the TSSs of
miRNAs are similar to the ones of protein coding genes, we
developed a computational strategy to identify the promoter
regions of all miRNA genes in Arabidopsis. Integrating 9
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Table 1: 42 independent predicted miRNA transcription start sites.

Index miRNA ID miRNA name Genome coordinates TSS
1 MI0000989 ath-MIR171b chr1:3961348–3961464(−) 3961764–3961864
2 MI0005386 ath-MIR830 chr1:4820355–4820549(−) 4820549–4820649
3 MI0000218 ath-MIR159b chr1:6220646–6220841(+) 6220446–6220546
4 MI0001005 ath-MIR394a chr1:7058194–7058310(+) 7055994–7056094
5 MI0019201 ath-MIR5630a chr1:12011152–12011223(−) 12011523–12011623
6 MI0019211 ath-MIR5630b chr1:12023526–12023597(−) 12023997–12024097
7 MI0000193 ath-MIR161 chr1:17825685–17825857(+) 17825485–17825585
8 MI0019208 ath-MIR5636 chr1:18549959–18550036(+) 18549659–18549759
9 MI0001078 ath-MIR406 chr1:19430078–19430277(−) 19431177–19431277
10 MI0019235 ath-MIR5652 chr1:23412989–23413436(−) 23413636–23413736
11 MI0000196 ath-MIR163 chr1:24884066–24884396(+) 24883966–24884066
12 MI0001425 ath-MIR414 chr1:25137456–25137563(−) 25137763–25137863
13 MI0000189 ath-MIR159a chr1:27713233–27713416(−) 27713616–27713716
14 MI0015817 ath-MIR4228 chr1:28889375–28889532(+) 28889175–28889275
15 MI0005105 ath-MIR775 chr1:29422452–29422574(+) 29422052–29422152
16 MI0001013 ath-MIR396a chr2:4142323–4142473(−) 4142673–4142773
17 MI0005109 ath-MIR779 chr2:9560761–9560923(+) 9560161–9560261
18 MI0020189 ath-MIR5995b chr2:10026910–10027050(+) 10026310–10026410
19 MI0020188 ath-MIR5595a chr2:10026910–10027050(−) 10027050–10027150
20 MI0000178 ath-MIR156a chr2:10676451–10676573(−) 10676673–10676773
21 MI0000215 ath-MIR172a chr2:11942914–11943015(−) 11943215–11943315
22 MI0017889 ath-MIR5021 chr2:11974711–11974881(−) 11975181–11975281
23 MI0000201 ath-MIR166a chr2:19176108–19176277(+) 19176008–19176108
24 MI0001072 ath-MIR403 chr2:19415052–19415186(+) 19414952–19415052
25 MI0000208 ath-MIR167a chr3:8108072–8108209(+) 8107972–8108072
26 MI0005383 ath-MIR827 chr3:22122760–22122936(−) 22123036–22123136
27 MI0000202 ath-MIR166b chr3:22922206–22922325(+) 22921906–22922006
28 MI0002407 ath-MIR447a chr4:1528134–1528370(−) 1529270–1529370
29 MI0017896 ath-MIR5026 chr4:7844496–7844688(+) 7842896–7842996
30 MI0005405 ath-MIR850 chr4:7845707–7845927(+) 7842907–7843007
31 MI0005440 ath-MIR863 chr4:7846597–7846899(+) 7842897–7842997
32 MI0015815 ath-MIR4221 chr4:8460516–8460662(+) 8459516–8459616
33 MI0000210 ath-MIR168a chr4:10578635–10578772(+) 10578335–10578435
34 MI0000180 ath-MIR156c chr4:15415418–15415521(−) 15415821–15415921
35 MI0019242 ath-MIR5658 chr4:18485438–18485531(−) 18486431–18486531
36 MI0000198 ath-MIR164b chr5:287584–287736(+) 287484–287584
37 MI0000216 ath-MIR172b chr5:1188207–1188301(−) 1188501–1188601
38 MI0000195 ath-MIR162b chr5:7740598–7740708(−) 7740908–7741008
39 MI0019216 ath-MIR5643a chr5:11667797–11667879(+) 11667197–11667297
40 MI0001014 ath-MIR396b chr5:13611798–13611932(+) 13611698–13611798
41 MI0000211 ath-MIR168b chr5:18358788–18358911(−) 18359011–18359111
42 MI0001075 ath-MIR405b chr5:20632514–20632637(+) 20630514–20630614

histone markers profiles, the model based on SVM classifier
identified 42 independent miRNA TSSs from total 298
miRNAgenes, and 132 predictedmiRNATSSswere identified
in the same position as the TSS of their upstream genes. We
also found that 25 out of 124 miRNAs were intronic miRNAs,
which suggest that most of the intronic miRNAs share
promoter regions with their host genes. For the remaining
genes, we lack the evidence to explain whether they share

the promoter with the upstream genes or have independent
promoter. So the identification of miRNA promoters in other
tissues of Arabidopsis, in addition to the aerial tissue, will
improve the annotation of primary transcripts of miRNAs.

Conflict of Interests

The authors declare that they have no competing interests.



BioMed Research International 9

Authors’ Contribution

Yuming Zhao designed the project. Fang Wang and Liran
Juan performed the experiments and wrote the paper. Yum-
ing Zhao revised the paper. All the authors read and approved
the final manuscript.

Acknowledgments

Theworkwas supported by the Fundamental Research Funds
for the Central Universities (DL10BB02), State Key Labo-
ratory of Tree Genetics and Breeding (Northeast Forestry
University) (201207), and the Natural Science Foundation of
China (61371179).

References

[1] D. P. Bartel, “MicroRNAs: genomics, biogenesis, mechanism,
and function,” Cell, vol. 116, no. 2, pp. 281–297, 2004.

[2] L. He and G. J. Hannon, “MicroRNAs: small RNAs with a big
role in gene regulation,” Nature Reviews Genetics, vol. 5, no. 7,
pp. 522–531, 2004.

[3] B. P. Lewis, C. B. Burge, and D. P. Bartel, “Conserved seed
pairing, often flanked by adenosines, indicates that thousands
of human genes are microRNA targets,” Cell, vol. 120, no. 1, pp.
15–20, 2005.

[4] T. Thum, P. Galuppo, C. Wolf et al., “MicroRNAs in the human
heart: a clue to fetal gene reprogramming in heart failure,”
Circulation, vol. 116, no. 3, pp. 258–267, 2007.

[5] E. G. Nikitina, L. N. Urazova, and V. N. Stegny, “MicroRNAs
and human cancer,” Experimental Oncology, vol. 34, no. 1, pp.
2–8, 2012.

[6] A. M. Monteys, R. M. Spengler, J. Wan et al., “Structure and
activity of putative intronic miRNA promoters,” RNA, vol. 16,
no. 3, pp. 495–505, 2010.

[7] F. Ozsolak, L. L. Poling, Z. Wang et al., “Chromatin structure
analyses identify miRNA promoters,” Genes & Development,
vol. 22, no. 22, pp. 3172–3183, 2008.

[8] X. Wang, Z. Xuan, X. Zhao, Y. Li, and M. Q. Zhang, “High-
resolution human core-promoter prediction with CoreBoost-
HM,” Genome Research, vol. 19, no. 2, pp. 266–275, 2009.

[9] L.Weis andD. Reinberg, “Transcription by RNA polymerase II:
initiator-directed formation of transcription-competent com-
plexes,”The FASEB Journal, vol. 6, no. 14, pp. 3300–3309, 1992.

[10] S. T. Smale and J. T. Kadonaga, “The RNA polymerase II core
promoter,”Annual Review of Biochemistry, vol. 72, pp. 449–479,
2003.

[11] J. Zeng, S. Zhu, andH. Yan, “Towards accurate human promoter
recognition: a review of currently used sequence features and
classification methods,” Briefings in Bioinformatics, vol. 10, no.
5, pp. 498–508, 2009.

[12] N. I. Gershenzon and I. P. Ioshikhes, “Synergy of human
Pol II core promoter elements revealed by statistical sequence
analysis,” Bioinformatics, vol. 21, no. 8, pp. 1295–1300, 2005.

[13] D. Takai and P. A. Jones, “Comprehensive analysis of CpG
islands in human chromosomes 21 and 22,” Proceedings of the
National Academy of Sciences of the United States of America,
vol. 99, no. 6, pp. 3740–3745, 2002.

[14] M. Scherf, A. Klingenhoff, and T. Werner, “Highly specific
localization of promoter regions in large genomic sequences by

PromoterInspector: a novel context analysis approach,” Journal
of Molecular Biology, vol. 297, no. 3, pp. 599–606, 2000.

[15] S. Fujii, H. Kono, S. Takenaka, N. Go, and A. Sarai, “Sequence-
dependentDNAdeformability studied usingmolecular dynam-
ics simulations,”Nucleic Acids Research, vol. 35, no. 18, pp. 6063–
6074, 2007.

[16] Y. Fukue, N. Sumida, J.-I. Tanase, and T. Ohyama, “A highly
distinctivemechanical property found in themajority of human
promoters and its transcriptional relevance,” Nucleic Acids
Research, vol. 33, no. 12, pp. 3821–3827, 2005.

[17] J. Gu, T. He, Y. Pei et al., “Primary transcripts and expressions
of mammal intergenic microRNAs detected by mapping ESTs
to their flanking sequences,” Mammalian Genome, vol. 17, no.
10, pp. 1033–1041, 2006.

[18] X. Zhou, J. Ruan, G. Wang, and W. Zhang, “Characterization
and identification of microRNA core promoters in four model
species,” PLoS Computational Biology, vol. 3, no. 3, pp. 0412–
0423, 2007.

[19] H. K. Saini, S. Griffiths-Jones, and A. J. Enright, “Genomic
analysis of human microRNA transcripts,” Proceedings of the
National Academy of Sciences of the United States of America,
vol. 104, no. 45, pp. 17719–17724, 2007.

[20] S. Fujita andH. Iba, “Putative promoter regions ofmiRNAgenes
involved in evolutionarily conserved regulatory systems among
vertebrates,” Bioinformatics, vol. 24, no. 3, pp. 303–308, 2008.

[21] A. Marson, S. S. Levine, M. F. Cole et al., “Connecting
microRNAgenes to the core transcriptional regulatory circuitry
of embryonic stem cells,” Cell, vol. 134, no. 3, pp. 521–533, 2008.

[22] G. Wang, Y. Wang, C. Shen et al., “RNA Polymerase II Binding
Patterns Reveal Genomic Regions Involved inMicroRNAGene
Regulation,” PLoS ONE, vol. 5, no. 11, Article ID e13798, 2010.

[23] D. L. Corcoran, K. V. Pandit, B. Gordon, A. Bhattacharjee, N.
Kaminski, and P. V. Benos, “Features of mammalian microRNA
promoters emerge from polymerase II chromatin immunopre-
cipitation data,” PLoS ONE, vol. 4, no. 4, Article ID e5279, 2009.

[24] C.-H. Chien, Y.-M. Sun, W.-C. Chang et al., “Identifying
transcriptional start sites of human microRNAs based on high-
throughput sequencing data,”Nucleic Acids Research, vol. 39, no.
21, pp. 9345–9356, 2011.

[25] A. Marsico, M. R. Huska, J. Lasserre et al., “PROmiRNA: a new
miRNA promoter recognition method uncovers the complex
regulation of intronic miRNAs,” Genome Biology, vol. 14, no. 8,
article R84, 2013.

[26] Z. Xie, E. Allen, N. Fahlgren, A. Calamar, S. A. Givan, and J. C.
Carrington, “Expression of Arabidopsis MIRNA genes,” Plant
Physiology, vol. 138, no. 4, pp. 2145–2154, 2005.

[27] X. Zhao, H. Zhang, and L. Li, “Identification and analysis of
the proximal promoters of microRNA genes in Arabidopsis,”
Genomics, vol. 101, no. 3, pp. 187–194, 2013.

[28] J. Ernst, P. Kheradpour, T. S. Mikkelsen et al., “Systematic
analysis of chromatin state dynamics in nine human cell types,”
Nature, vol. 473, no. 7345, pp. 43–49, 2011.

[29] J. Ernst and M. Kellis, “Discovery and characterization of chro-
matin states for systematic annotation of the human genome,”
Nature Biotechnology, vol. 28, no. 8, pp. 817–825, 2010.

[30] C. Luo, D. J. Sidote, Y. Zhang, R. A. Kerstetter, T. P. Michael,
and E. Lam, “Integrative analysis of chromatin states in Ara-
bidopsis identified potential regulatory mechanisms for natural
antisense transcript production,” Plant Journal, vol. 73, no. 1, pp.
77–90, 2013.



10 BioMed Research International

[31] A. Barski, R. Jothi, S. Cuddapah et al., “Chromatin poises
miRNA- and protein-coding genes for expression,” Genome
Research, vol. 19, no. 10, pp. 1742–1751, 2009.

[32] A. Kozomara and S. Griffiths-Jones, “MiRBase: annotating high
confidence microRNAs using deep sequencing data,” Nucleic
Acids Research, vol. 42, pp. D68–D73, 2014.

[33] E. R. Mardis, “The impact of next-generation sequencing
technology on genetics,” Trends in Genetics, vol. 24, no. 3, pp.
133–141, 2008.

[34] G. Robertson, M. Hirst, M. Bainbridge et al., “Genome-wide
profiles of STAT1 DNA association using chromatin immuno-
precipitation and massively parallel sequencing,” Nature Meth-
ods, vol. 4, no. 8, pp. 651–657, 2007.

[35] D. S. Johnson, A. Mortazavi, R. M. Myers, and B. Wold,
“Genome-wide mapping of in vivo protein-DNA interactions,”
Science, vol. 316, no. 5830, pp. 1497–1502, 2007.

[36] J. Rozowsky, G. Euskirchen, R. K. Auerbach et al., “PeakSeq
enables systematic scoring of ChIP-seq experiments relative to
controls,” Nature Biotechnology, vol. 27, no. 1, pp. 66–75, 2009.

[37] A. Barski, S. Cuddapah, K. Cui et al., “High-resolution profiling
of histone methylations in the human genome,” Cell, vol. 129,
no. 4, pp. 823–837, 2007.

[38] B. Rhead, D. Karolchik, R. M. Kuhn et al., “The UCSC genome
browser database: update 2010,” Nucleic Acids Research, vol. 38,
supplement 1, pp. D613–D619, 2009.

[39] T. Kouzarides, “Chromatin modifications and their function,”
Cell, vol. 128, no. 4, pp. 693–705, 2007.

[40] T. S. Mikkelsen, M. Ku, D. B. Jaffe et al., “Genome-wide maps
of chromatin state in pluripotent and lineage-committed cells,”
Nature, vol. 448, no. 7153, pp. 553–560, 2007.



Submit your manuscripts at
http://www.hindawi.com

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

 Anatomy 
Research International

Peptides
International Journal of

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Hindawi Publishing Corporation 
http://www.hindawi.com

 International Journal of

Volume 2014

Zoology

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Molecular Biology 
International 

Genomics
International Journal of

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

The Scientific 
World Journal
Hindawi Publishing Corporation 
http://www.hindawi.com Volume 2014

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Bioinformatics
Advances in

Marine Biology
Journal of

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Signal Transduction
Journal of

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

BioMed 
Research International

Evolutionary Biology
International Journal of

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Biochemistry 
Research International

Archaea
Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Genetics 
Research International

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Advances in

Virolog y

Hindawi Publishing Corporation
http://www.hindawi.com

Nucleic Acids
Journal of

Volume 2014

Stem Cells
International

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Enzyme 
Research

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

International Journal of

Microbiology


