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Next-generation sequencing (NGS) technologies have revo-
lutionarily reshaped the landscape of “-omics” research areas
and their effects are becoming increasingly widespread. With
its significantly lower costs and higher throughput, NGS
has been applied to genome, transcriptome, and epigenome
research. The plethora of information that emerges from
large-scale next-generation sequencing experiments has trig-
gered the development of bioinformatics tools and method
for efficient analysis, interpretation, and visualization of NGS
data. Such methods and tools will substantially promote
the life-science community to better and efficiently help
understand the underlying biological principles and mech-
anisms. This special issue mainly focuses on the original
research articles as well as review articles that develop
new bioinformatics approaches, present novel platforms and
systems, and describe concise models well explaining the
biological context and application in relation to genetics,
metagenomics, and clinical study from NGS data.

This special issue contains nine papers. Two papers
discuss the application of NGS data analysis inmetagenomics
and one paper presents R package for metagenomic systems
biology analysis. One review paper discusses the software
to detect alternative splicing isoforms from deep sequencing
data. The other five papers are related to application of NGS
data integration in genomics, genetics, and epigenetics.

In “mmnet: An R Package for Metagenomics Systems
Biology Analysis,” the authors developed R package, mmnet,
to implement community-level metabolic network recon-
struction and also implement a set of functions for automatic
analysis pipeline construction. The package has substantial
potentials in metagenomic studies that focus on identifying
system-level variations of human microbiome associated
with disease.

The paper “Constructing a Genome-Wide LD Map
of Wild A. gambiae Using Next-Generation Sequencing”
sequenced the genomes of nine individual wild A. gambiae
mosquitoes using next-generation sequencing technologies.
And 2,219,815 common single nucleotide polymorphisms
(SNPs) were detected. Nearly one million SNPs that were
genotyped with 99.6% confidence were extracted from these
high-throughput sequencing data. Based on these SNP
genotypes, the authors constructed a genome-wide linkage
disequilibrium (LD) map for wild A. gambiae mosquitoes
from malaria-endemic areas in Kenya and made it available
through a public website.

The paper entitled “How to Isolate a Plant’s Hypomethy-
lome in One Shot” provided an easy, fast, and cost-effective
tool to obtain a plant’s hypomethylome (the nonmethylated
part of the genome) by an optimized methyl filtration proto-
col with subsequent next-generation sequencing, in essence
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a variant of MRE-seq. The hypomethylomes which were
identified in three plant species, Oryza sativa, Picea abies,
and Crocus sativus, showed clear enrichment in genes and
their flanking regions. This method is extremely conducive
to studying and understanding the genomes of nonmodel
organisms.

In “Genetic Interactions Explain Variance in Cingulate
Amyloid Burden: An AV-45 PET Genome-Wide Association
and Interaction Study in the ADNI Cohort,” the authors
performed a genome-wide association study (GWAS) and a
genome-wide interaction study (GWIS) of an amyloid imag-
ing phenotype, using the data from Alzheimer’s Disease
(AD) Neuroimaging Initiative. The GWAS analysis revealed
significant hits within or proximal to APOE, APOC1, and
TOMM40 genes. The GWIS analysis yielded 8 novel SNP-
SNP interaction findings that warrant replication and further
investigation.

The paper “Understanding Transcription Factor Regula-
tion by Integrating Gene Expression and DNase I Hyper-
sensitive Sites” identified the functional transcription factor
binding sites in gene regulatory region by integrating the
DNase I hypersensitive sites with known position weight
matrices. The authors present a model-based computational
approach to predict a set of transcription factors that poten-
tially cause such differential gene expression in cervical
cancer HeLa S3 cell and HelaS3-ifna4h cell. This model
demonstrated the potential to computationally identify the
functional transcription factors in gene regulation.

The paper “Survey of Programs Used to Detect Alter-
native Splicing Isoforms from Deep Sequencing Data In
Silico” is a review paper. Alternative splicing (AS) is very
important for gene expression and protein diversity. First
the authors summarized the alternative splicing forms and
the means of selective splicing. Then the authors described
the numerous methods for the read mapping of RNA-seq
data and alternative types of splicing prediction software. At
last, HMMSplicer, SOAPsplice, TopHat, and STAR were used
to evaluate the performance of alternative splicing isoforms
detection.

The article “MicroRNA Promoter Identification in Ara-
bidopsis Using Multiple Histone Marker” was devoted to a
computational strategy, which identified the promoter
regions of most microRNA genes in Arabidopsis, using the
genome wide profiles of nine histone markers. Based upon
the assumption that the distributions of histone markers
around the transcription start sites (TSSs) of microRNA
genes are similar with the TSSs of protein coding gene, the
Support Vector Machine (SVM) was used to identify 42
independent miRNA TSSs and 132 miRNA TSSs which are
located in the promoters of upstream genes. The annotation
of microRNA TSSs will provide the measurements regarding
the initiation of transcription and better understanding of
microRNA regulation.

The paper “454-Pyrosequencing Analysis of Bacterial
Communities from Autotrophic Nitrogen Removal Bioreac-
tors Utilizing Universal Primers: Effect of Annealing Tem-
perature” carried out a metagenomic analysis (pyrosequenc-
ing) of total bacterial diversity including Anammox pop-
ulation in five autotrophic nitrogen removal technologies,

two bench-scale (MBR and low temperature CANON) and
three full-scale (Anammox, CANON, and DEMON), by
optimization of primer selection and PCR conditions. The
pyrosequencing data showed that annealing temperature of
45∘C yielded the best results in terms of species richness and
diversity for all bioreactors analyzed.

The paper entitled “Active Microbial Communities
Inhabit Sulphate-Methane Interphase in Deep Bedrock Frac-
ture Fluids in Olkiluoto, Finland” investigated active micro-
bial communities of deep crystalline bedrock fracture water
from seven different boreholes in Olkiluoto (Western Fin-
land), using bacterial and archaeal 16S rRNA, dsrB, andmcrA
gene transcript targeted 454 pyrosequencing. The results
demonstrated that active and highly diverse but sparse and
stratified microbial communities inhabited the Fennoscan-
dian deep bedrock ecosystems.
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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

𝐷 = {(𝑥

𝑖
, 𝑦

𝑖
) | 𝑥

𝑖
∈ 𝑅, 𝑦

𝑖
∈ {−1, 1}}

𝑛

𝑖=1

, (2)

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.



BioMed Research International 3

5

4

3

2

1

0

Distance (bp)

M
ea

n 
of

 R
PM

H3K4me2
H3K4me3
H3K9Ac
H3K9me2
H3K18Ac

H3K27me1
H3K27me3
H3K36me2
H3K36me3

−2000 −1000 1000 20000

(a)

5

4

3

2

1

0

H3K4me3
Random

M
ea

n 
of

 R
PM

Distance (bp)
−2000 −1000 1000 20000

(b)

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(
𝑛

∑

𝑖=1

𝑦
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𝑖
, 𝑦
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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,
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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



6 BioMed Research International

60

50

40

30

20

10

0

Fr
eq

ue
nc

y

Distance between microRNA and upstream gene (k)
<1 1-2 2-3 3-4 4-5 5-6 6–8 8–10 >10

(a)

42

124

132

Independent 
TSS

Shared 
TSS

No TSS

Predicted microRNA TSS

(b)

29

8

2
3

>2kb
1∼2kb

<500bp

500∼1kbp

Promoter distance

(c)
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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



8 BioMed Research International

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.
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Anopheles gambiae is the major malaria vector in Africa. Examining the molecular basis of A. gambiae traits requires knowledge of
both genetic variation and genome-wide linkage disequilibrium (LD) map of wild A. gambiae populations from malaria-endemic
areas. We sequenced the genomes of nine wild A. gambiaemosquitoes individually using next-generation sequencing technologies
and detected 2,219,815 common single nucleotide polymorphisms (SNPs), 88% of which are novel. SNPs are not evenly distributed
across A. gambiae chromosomes. The low SNP-frequency regions overlay heterochromatin and chromosome inversion domains,
consistent with the lower recombinant rates at these regions. Nearly onemillion SNPs that were genotyped correctly in all individual
mosquitoes with 99.6% confidence were extracted from these high-throughput sequencing data. Based on these SNP genotypes,
we constructed a genome-wide LDmap for wild A. gambiae frommalaria-endemic areas in Kenya and made it available through a
public Website. The average size of LD blocks is less than 40 bp, and several large LD blocks were also discovered clustered around
the para gene, which is consistent with the effect of insecticide selective sweeps.The SNPs and the LDmapwill be valuable resources
for scientific communities to dissect the A. gambiae genome.

1. Background

Malaria, a mosquito-transmitted disease caused by parasites
of the genus Plasmodium, leads to as many as 300 million
clinical cases per year [1]. Of these, approximately onemillion
die from malaria, with 75% of the deaths occurring in
African children. Human malaria parasites are transmitted
by anophelinemosquitoes, of whichAnopheles gambiae is the
most prevalent vector in Africa.

Genetic variation in mosquito populations affects the
mosquitoes’ susceptibility to P. falciparum infection [2–4],
insecticide resistance [5–8], and other traits of interest. Deter-
mining the molecular basis for these and other important
mosquito traits requires knowledge of genome-wide genetic
variation and high-resolution linkage maps in wild A. gam-
biae populations from malaria-endemic areas. The currently
available A. gambiae SNPs in the NCBI database dbSNP
mainly derive from laboratory mosquito colonies [9, 10].

Sampling a small set of genes [11] or SNPs [12] in field-
collected samples indicated low linkage disequilibrium (LD)
inA. gambiaepopulations.However, this resultmeans neither
that neighboring SNPs are not linked, nor that large LD
blocks in the A. gambiae genome do not exist. Therefore, it
is still critical to define the extent of genome-wide genetic
variation and linkage information in A. gambiae populations
from malaria-endemic areas. Recent advances in sequenc-
ing technologies and bioinformatics make it economically
feasible for a single research laboratory to detect genome-
wide SNPs and to construct an A. gambiae LD map using
wild-derived mosquitoes. Depending on needs, the current
available software such as Haploview [13] allows the users
to easily generate an interactive haplotype map for a whole
genome or a certain genomic region based on a set of
genotypes or LD map.

In this study, we collected wild A. gambiae from Kenya,
sequenced individual mosquitoes with Illumina sequencing
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technologies, developed novel pipelines to detect SNPs,
constructed an A. gambiae LD map, and established a
computer server to present the data to the public. Notably,
the consistence between our data and experimental findings
supports the accuracy of this resource and demonstrates the
advantages of the SNPs and LD map.

2. Results

2.1. Detecting SNPs inWild A. gambiae Mosquitoes. To detect
common SNPs (frequencies> 5%) inwildA. gambiae popula-
tions, individual genomic DNA from nine randomly selected
wild A. gambiae mosquitoes recovered from highland areas
around Kisumu was studied. DNA from each mosquito was
sequenced individually after the samples were confirmed
to be A. gambiae. Each sequence read was 100 bp long.
The average sequencing coverage of the whole genome for
each individual was greater than 36.1-fold. These reads were
mapped onto the A. gambiae reference genome [9]. More
than 1.6 million SNPs were detected in each individual
mosquito according to the aligned short reads. Among the
detected SNPs, 2,219,815 common SNPs were detected in
more than one mosquito, and about 4,911,116 unique SNPs
were detected in only one mosquito. The SNP-frequency is
about one SNP per 33 bp, which is consistent with previous
reports [11, 14]. To check the detection accuracy, a randomly
selected set of SNPs was verified using a graphical user inter-
face (http://omics.ou.edu/AgHapMap). The results indicated
a low error rate of less than 0.1%. Notably, as many as 87.6%
of the newly discovered SNPs are novel, compared to SNPs
in dbSNP (NCBI, release 125) [15] that were mainly from
mosquito colonies maintained in laboratories. This suggests
that these SNPs are useful resources to study A. gambiae
in the field. Among the novel common SNPs, 36,675 (1.9%)
are nonsynonymous, 135,500 (7.0%) are synonymous, 371,417
(19.1%) are within intron regions, and the others (1,401,750,
71.3%) are at intergenic regions (Figure 1). The SNP type
distribution for novel SNPs is similar to the known SNPs.

We identified that four large genomic regions, for
example, 2R:57.6MB-2L:4.0MB, 2L:20.5–42.2MB, X:17.6–
24.4MB, and 3R:52.0MB-3L:0.4MB, have much lower fre-
quencies of SNPs, compared to other regions (Figure 2(a)).
As expected, three of these regions (labeled with green lines
in Figure 2(a)) are around centromeres on chromosome 2,
X and 3, consistent with characteristics of heterochromatic
regions [16]. Strikingly, a region on chromosome arm2L from
20.5MB to 42.2MB (labeled with red line in Figure 2(a)) also
exhibited low frequencies of SNPs and overlaid a chromoso-
mal inversion called 2La [17]. We karyotyped the inversion
of 2La in the nine mosquitoes using PCR [18], and the
results show that four mosquitoes were 2L+a/2L+a and five
were 2La/2La. The 2L chromosomal inversion region always
had fewer SNPs than other genomic regions, regardless of
mosquito karotypes. The consistence of the low recombinant
rate at heterochromatic regions and chromosomal inversion
to the SNP distribition partially validates the SNPs genome-
widely.
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Figure 1: Types of common SNPs. About 87.6% of newly detected
common SNPs from wild A. gambiae are novel. The types of
common SNPs were determined based on their positions on the
genome (intergenic: blue; within introns: purple; synonymous:
yellow; nonsynonymous: red). SNPs within exons were further
classified into synonymous and nonsynonymous. About 2% of SNPs
changed protein sequences. The number of SNPs is shown in each
category.

2.2. The LD Map in Wild A. gambiae Populations from
Malaria-Endemic Areas in Kenya. We next extracted the
SNP genotypes of individual mosquitoes based on the high-
throughput short read sequences as described in theMethods
section. Out of 2,219,815 common SNPs, 785,687 SNPs (one
SNP per every 293 bp genome-wide) were reliably genotyped
at 99.6% confidence in nine mosquitoes. The correlation
coefficient among SNPs was calculated by using Haploview
software [13]. As shown in Figure 3(a), the average coefficient
of determination over distance between SNPs decreases
rapidly. Moreover, when the distance between two SNPs is
greater than 40 bp, the linkage relation between SNPs is
nearly random (Figure 3(b)).

Although the average LD size in A. gambiae is very short
(Figure 3), which is consistent with previous reports [11, 12],
our genome-wide, high-throughput LD analysis also identi-
fied regions with very large LD blocks (Figures 2(b) and 2(c)).
For instance, the locus at 2L: 1.8MB–4.2MB contains four
large LDblocks, and the average LD size at locus 2L: 20.5MB–
22.6MB is apparently greater than the LD size at locus 2L:
47.1MB–48.3MB (Figure 2(b)). To accurately quantitate the
linkage relationship between neighboring SNPs efficiently,
we calculated the number of SNPs per LD block. According
to the plot of coefficient of determination versus distance
(Figure 3(b)), two neighboring SNPs were considered to
be linked if their correlation coefficient was greater than
0.25. Although most of LD blocks contained less than 3
SNPs, several very large LD blocks with more than 50 SNPs
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Figure 2: Genome-wide SNP-frequency, LD plots, and number of SNPs per LD block. (a) shows the SNP-frequency (per 400 kb) on A.
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plot of five chromosome arms and zoom in of three particular regions (high LD, chromosome inversion region, and other regions) to illustrate
the genome-wide linkage map in detail. (c) The number of SNPs per LD block on chromosomes. The 𝑥-axes of (a) and (c) correspond to the
same positions.

were clustered at a locus on chromosome 2 (2R:57.6MB-
2L:5.1MB), indicated by a blue line in Figure 2(c). Detailed
analysis of the genes within this genomic region clustering
large LD blocks found that the para gene (AGAP004707)
was at the center (2L, 2.4MB) of the large LD clusters
(Figure 2(c)). All nine sequenced mosquitoes from malaria-
endemic areas at highland areas around the Kisumu district
in westernKenya are homozygous for the insecticide resistant
allele cytosine, which forms the code of “TCA” and encodes
amino acid serine in the voltage-gated sodium channel [19].
The biological reason of this locus validates the new LD map
and demonstrates the usability of the LD map.

We further verified the A. gambiae LD map experimen-
tally. Two pairs of SNPs within neighboring genes were
genotyped in 22 randomly selected female wild-derived A.
gambiae: SNP at chromosomal arm 2L, 39,852,810 bp within
gene AGAP006906 versus SNP at chromosomal arm 2L,
39,966,795 bp within gene AGAP006914, and SNP at chro-
mosomal arm 2L at 41,165,983 bp within gene AGAP007031
versus SNP at chromosomal arm 2L at 41,246,582 bp within

Table 1: Correlation coefficient between nonsynonymous SNPs of
two pairs of neighboring genes.

Based on HT
(9 individuals)

Based on clone
(22 individuals)

AGAP006906 versus
AGAP006914 0.156 0.009

AGAP006914 versus
AGAP007031 0.156 0.02

AGAP007031 versus
AGAP007032 0.044 <0.001

AGAP006906, SNP position (bp), 39852810; AGAP006914, SNP position,
39966795; AGAP007031, SNP position, 41165983; AGAP007032, SNP posi-
tion, 41246582. HT: high-throughput sequencing data. Clone: PCR frag-
ments from individual mosquitoes.

gene AGAP007032. The results (Table 1) showed that the
coefficient of determination between pairs of SNPs was less
than 0.05, experimentally validating the computational LD
results from high-throughput sequencing.
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Figure 3: LD decays rapidly as the distance of SNPs increases. (a) displays the relationship between correlation coefficient and SNP distance
from 0 to 10 kb. (b) shows the relationship between correlation coefficient and SNP distance from 0 to 100 bp, which clearly shows that average
genome-wide LD size is less than 40 bp.

2.3. PublicWeb to Integrate Aligned Reads, SNPs, LDMap, and
Genome Annotation. To make these valuable data available
to the scientific community, we established a computer
server and constructed databases and a Web interface to
visualize the SNPs, LD map, short reads, and detailed align-
ments, along with internal and external genome annota-
tions. TheWebsite is accessible through http://omics.ou.edu/
AgHapMap. After access, users can click on the tab “Select
Tracks” to select the data that they are interested in and click
on “Browser” to see actual data. To zoom in on a particular
region, they can highlight the region and click on “zoom in.”
Figure 4 shows the screen shot of this server.

3. Discussion

Genetic variation and LD maps are two important resources
that enable identification of genetic mutants associated with
traits of interest in populations. However, it is impractical to
detect genetic variation and build a genome-wide LD map
for all species with traditional approaches, for example, by
surveying a set of genetic markers in populations. To over-
come these limitations, we extracted and sequenced genomic
DNA from individual mosquitoes with high-throughput
sequencing technologies. Next, we developed a pipeline to
obtainmore than twomillion SNPs. Importantly, themajority
(88%) of our SNPs from wild-derived A. gambiae are novel,
which will help the community to address the molecular
mechanisms of trait determination, as well as potentially
reconciling discrepancies when comparing results obtained
from laboratory mosquitoes versus field isolates [20]. Fur-
thermore, we developed a novel computational approach to
genotype nearly one million SNPs in individual mosquitoes
solely based on our high-throughput sequencing data. Tradi-
tional approaches for genotyping individuals requires a priori

knowledge of genetic markers, and it is tedious to genotype
each genetic marker in individuals using hybridization-
based methods or PCR-based approaches. In this report,
we combined SNP discovery with SNP genotyping using
a new computational pipeline, making the process both
more efficient and cost-effective. Using our high-throughput
sequencing data and our computational pipeline, we have
assembled the first genome-wide LD map of A. gambiae,
using wild-derived mosquitoes from malaria-endemic areas
in western Kenya.We also report here that the newly detected
genetic variation and LD map have been made freely and
easily accessible to the public through the Internet. Notably,
our approach and pipeline are applicable to generate LDmaps
of other biologically, agriculturally, and medically important
mosquito species.

As mentioned above, it is well-known that the genetic
variation and LD maps are important for association stud-
ies to analyze wild mosquitoes [2, 3], and we have also
demonstrated their utility in our previous publication [4].
The interaction among multiple genetic variation within
multiple genes also contributes to a complex trait [21]. Here,
we highlight additional and powerful applications of genetic
variation and the LD map to investigate aspects of mosquito
biology in nature.

SNP distribution identified four large genomic regions
harboring unusually low frequencies of SNPs, three of which
localized to centromeres. Although this observation was
expected, given that the genomic regions around centromeres
have lower recombination rates than other loci and DNA
recombinant rates and SNP density are positively correlated
[22], we also identified a fourth large locus with lower
SNP-frequency on 2L at 20.5–42.2MB. Notably, the fourth
locus was also associated with lower recombination rates
because this region contains a chromosomal inversion [17],
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and chromosomal inversions are known to inhibit DNA
recombination [23]. We karyotyped the inversion forms
of 2La in individual A. gambiae to investigate whether
our sample contained a single karyotype form that causes
the lower SNP-frequency at this region. Our results show
that the lower SNP-frequency did not associate with any
particular karyotype form of chromosomal inversion of 2La.
Apparently, the consistence between SNP distribution and
genetic data validates the detected SNPs genome-widely and
demonstrates their usability.

Regarding our A. gambiae LD map, a previous survey
of a limited set of genes (𝑛 = 4) [11] or SNPs (𝑛 = 1,536)
[12] suggested low LD (<200 bp) in A. gambiae populations.
Our data are consistent with those reports. However, here
we extend these observations and show that the average LD
size in A. gambiae populations in western Kenya is less than
40 bp. It is worth noting that our new results additionally
provide a genome-wide LDmap of nearly onemillion genetic
markers. Furthermore, the LD map reveals a genomic locus
on chromosome 2 (2R: 57.6MB-2L: 5.1MB) that is clustered
with larger LD blocks. Analyses of the genes within this
region identified that the para gene is at the center of
this locus. The para gene encodes a voltage-gated sodium
channel (VGSC) that is the target molecule of common
insecticides such as pyrethroids [24]. The well-known kdr
mutations, which change codon 1014 from leucine to serine
or phenylalanine within the para gene coding region, confer

insecticide resistance [25–27]. Indeed, all mosquitoes that we
sequenced (𝑛 = 9) harbored the resistance allele (1014S)
instead of the wild type allele (1014L). It is well known
that the use of insecticides remains the traditional approach
to combating the spread of malaria [28]. The molecular
target of common insecticides such as pyrethroids and
dichlorodiphenyltrichloroethane (DTT) is VGSC [24, 29].
DDT and pyrethroids were used globally, including Kenya
[30], and caused an insecticide-driven selective sweeping in
western Kenya. These data are consistent with insecticide
resistance bioassays in the field [19, 31] where our mosquitoes
were sampled. Rapid rise of kdrmutation frequency and even
fixation over the past decade when pyrethroid insecticides
have been used extensively in Africa suggest the importance
of this mechanism in the process of pyrethroid resistance.
On the other hand, given the fixation of kdr mutations in
many A. gambiae populations, metabolic detoxification is
becoming an increasingly important resistance mechanism.
Clearly, vector insecticide resistance is an outstanding issue
in the control and prevention of vector-borne diseases as
supported by our data and other reports [32, 33]. Collectively,
the larger LD around the para gene validates our LDmap and
demonstrates an application of using our LD map to detect
genomic regions under selection pressure.

In conclusion, we collected and sequenced wild A.
gambiae mosquitoes from malaria-endemic areas in Kenya
using next-generation sequencing technology and developed
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a pipeline to analyze SNPs and genotypes. More than 2
million common SNPs were identified in wild A. gambiae
populations, and 785,687 SNPs were genotyped in nine
mosquitoes. Using these data, we constructed the first
genome-wide A. gambiae LD map, which will serve as a
powerful anduseful resource to dissect themosquito genome.
The consistence between our data and previous findings
supports the accuracy of this resource.

4. Methods

4.1. Sampling Wild A. gambiae. Collecting and rearing
mosquitoes were performed as described previously [4]. In
brief, A. gambiae larvae were collected from natural habitats
(>10 meters distance between any two habitats) in highland
areas around the Kisumu district of Kenya where malaria
is hyperendemic. More than half of mosquito larvae were
successfully reared to adults in an insectary at theKenyaMed-
ical Research Institute.The resulting 3–5-day post-emergence
female mosquitoes were used for experiments. It is worth
noting that only the female wild-derived mosquitoes that fed
on human blood through membrane feeding were further
analyzed in this study. Genomic DNA was extracted from
7-day post-blood-fed mosquitoes using DNAzol (Life Tech-
nologies, Grand Island, NY, USA). The individual mosquito
species was confirmed by the rDNA-PCR method [34].

4.2. Sequencing Individual A. gambiae Genomes and Detect-
ing SNPs. Genomic DNA from individual mosquitoes was
sheared to construct a DNA library with fragment lengths
of about 300 bp, and both sides of each DNA fragment were
sequenced in lengths of 100 bp. These reads were mapped to
theA. gambiae reference genome (assembly versionAgamP3)
using the short oligonucleotide analysis package (SOAP)
[35]. SOAP used the seed-and-hash algorithm to align high-
throughput sequences onto the reference genome accurately
and efficiently. To focus on the SNP detection, we turned
off the option for gaps, for example, “soap –a leftReads –b
rightRead –D referenceGenome.index –o AlignedFile.txt –m
50 –x 550 –g 0.” The alignments for each chromosome were
then extracted using the linux command “grep,” for example,
“grep X AlignedFile.txt > X.align,” followed by sorting the
output based on alignment position on chromosome, for
example, “sort –k9 –n X.align > X.align.sort.” Finally, the
“soapsnp” program in the SOAP package was used to detect
nucleotide variation at each position, for example, “soapsnp
–i X.align.sort –d reference genome seq.fasta –o SNPonX.”
At each genome position, we extracted the SNPs that had at
least one uniquely mapped read for best base and at least one
uniquely mapped read for second best base (phrep score >
30) [36].The nucleotides that are different from the reference
sequence were also extracted into the SNP set. To obtain
common SNPs, we removed the SNPs that (1) were detected
in only one mosquito and (2) were identical in all nine
mosquitoes (they were detected because they were different
from the reference genome). Finally, we checked the error
rate by using our web interface. We randomly selected SNPs
three times with 100 SNPs each time. Then we manually

Table 2: Primers to clone two pairs of neighboring genes.

AGAP006906 Forward 5-CGGAGGCACACACCATCA-3

Reverse 5-GCGAAACTCCAGATACAGCA-3

AGAP006914 Forward 5-CAACTGCTGGCCAAAGGAC-3

Reverse 5-GTCCTTTGGCCAGCAGTTG-3

AGAP007031 Forward 5-GGCTCGAAGTCCGATTACA-3

Reverse 5-GTCGGCACAGTCGTGGTA-3

AGAP007032 Forward 5-ATAACCATGCGGAGAGTGTG-3

Reverse 5-CCGTTCGATTTCCTCCTG-3

examined the aligned sequence reads to the reference genome
sequences to count the true positives.

4.3. Genotyping the SNPs in Nine Individual Mosquitoes Based
on High-Throughput Sequencing Data. For each detected
SNP, we checked all reads in each individual mosquito
regardless of its sequencing quality score (Phred score) [36].
If two alleles for an SNP were detected in reads from one A.
gambiae individual, a heterozygous genotype was assigned
to that individual for that genome position. However, for
each homozygous SNP genotype, the number of reads hitting
that position was counted using the information obtained
through the program “soapsnp” from the SOAP package
[35]. If a homogenous SNP genotype was supported by at
least eight reads from that mosquito, it was kept for LD
map analysis, because the 𝑃 value of missing a heterozygous
allele is less than 0.004 based on the binomial distribution.
The genotypes of these SNPs were applied to calculate the
LD among SNPs by using the software Haploview [13]. Two
neighboring SNPs with a correlation coefficient greater than
a threshold (e.g., 0.25 in Figure 3(b)) were treated as linked
SNPs in one LD block.

4.4. Genotyping a Particular Set of SNPs in Individual
Mosquitoes Using PCR Followed by the Sanger Sequencing.
We cloned two pairs of neighboring genes: AGAP006906
versus AGAP006914 and AGAP007031 versus AGAP007032
to verify the LD map. The sequences around nonsynony-
mous SNPs were cloned from 22 randomly selected female
wild-derived A. gambiae by PCR with primers shown in
Table 2. The PCR products were purified using QIAGEN
PCR purification kits. The purified DNA fragments were
sequenced with one PCR primer using Sanger approach. The
sequencing trace files were displayed using software 4Peaks
(http://nucleobytes.com/), and the SNPs were read manually.

4.5. Visualizing SNPs, Short Reads, Genome Annotation, and
the HapMap through an Integrated Web Interface. The indi-
vidual short reads, the sequence alignment to the reference
genome, and the SNPs were compiled into databases as
instructed by Gbrowse and displayed as tracks [37]. In
brief, “samtools” (Sequence Alignment/Map tools) software
downloaded from http://samtools.sourceforge.net/ was used
to transform a data file from one format to another. The
“samtool” was also used to import data into Gbrowse
required databases. To generate these databases, the reference
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genome sequence was indexed (e.g., “samtools faidx Ref-
erenceSequence.fa”), and then the data were imported into
databases (e.g., “samtool import ReferenceSequence.fa.fai”).
The alignment files that contain short reads aligned to the
reference sequence were sorted and indexed (e.g., “samtool
sort aligmentFile.bam aligmentFile.sorted.bam” and “sam-
tool index aligmentFile.sorted.bam”) sequentially. Finally,
the sorted and indexed alignment files were imported into
databases (e.g., “samtool import aligmentFile.sorted.bam.bai”).
SNP data were stored in a mysql database with a single
table that was created with this command: “CREATE
TABLEAgam common snps position (snp varchar(10)NOT
NULL, alleles varchar(4) NOT NULL, chr ENUM (‘2L’,
‘2R’,‘3L’,‘3R’,‘X’), pos int(10) unsigned NOT NULL default ‘0’,
Ag541 char(2), Ag544 char(2), Ag545 char(2), Ag551 char(2),
Ag553 char(2), Ag564 char(2), Ag565 char(2), Ag566 char(2),
Ag567 char(2), PRIMARY KEY (chr,pos), KEY chr (chr),
KEY pos (pos));”. Each data set was displayed as a track (also
known as a “plug-in”) through Gbrowse. For instance, the
genome annotation, including gene structure predictions in
our internal databases (ReAno) [10] and external databases
of https://www.vectorbase.org/ [38], was integrated as two
tracks on the Web. The correlation-coefficient values among
SNPs were constructed and integrated into the Web inter-
face. To display an interactive graphic of the linkage map
through the Internet, we constructed the server using a
protocol as shown in Figure 5. In brief, the server obtains
the interactive coordinators of SNPs and SNP genotypes
from the databases and calculates the LD (𝐷), logarithm
of odds (LOD), and coefficient of determination (𝑟2) for
each pair of SNPs interactively. Based on a user’s HapMap
configuration (or default), the server calculates the colors
and displays it as a plug-in track on the Web interface.
Using downloaded Haploview software [13], users can easily
generate an interactive haplotype map at areas of interest
(such as large LD blocks) by highlighting the LD blocks with
the mouse under the “LD plot” tab and then clicking on the
tab “Haplotypes.” The phased haplotypes of the highlighted
blocks will then be displayed. The constructed HapMap may
need further experimental validation.
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Next-generation sequencing techniques have been rapidly emerging. However, the massive sequencing reads hide a great deal of
unknown important information. Advances have enabled researchers to discover alternative splicing (AS) sites and isoforms using
computational approaches instead of molecular experiments. Given the importance of AS for gene expression and protein diversity
in eukaryotes, detecting alternative splicing and isoforms represents a hot topic in systems biology and epigenetics research. The
computational methods applied to AS prediction have improved since the emergence of next-generation sequencing. In this study,
we introduce state-of-the-art research on AS and then compare the research methods and software tools available for AS based on
next-generation sequencing reads. Finally, we discuss the prospects of computational methods related to AS.

1. Introduction

Alternative splicing (AS) refers to the production of pre-
mRNA via gene transcription to generate a number ofmature
mRNAs based on different splice modes, thereby increasing
protein diversity. Since alternative splicing was discovered,
studies have identified a large number of AS events in
the human gene transcription process [1]. Based on high-
throughput deep sequencing data, AS occurs in approx-
imately 95% of the human genome [2]. AS is an important
regulatory mechanism involved in the regulation of eukary-
otic gene expression and proteome diversity [3]. The process
is closely linkedwithmanydiseases, including cancer anddis-
eases of the nervous system [4–6].Thus, scholars inmedicine,
genetics, bioinformatics, and other fields have directed con-
siderable research interest towards AS with the aim of
identifying additional splicing events that could facilitate a
deeper understanding of the AS regulatory mechanism.

Splice site recognition represents a key step in selec-
tive splicing research. Splice sites are used to predict the
positions of exon/intron structures and splice site features,
and splice site recognition is the traditional strategy used
to predict alternative splice sites. Many algorithms, software,

and databases for sequence alignment have emerged due to
the application of first-generation sequencing. The research
resources designed specifically for AS have gradually become
richer, including a common ASD AS database [7]. However,
the cost of first-generation sequencing is high; considerable
efforts have been directed towards the goal of creating thou-
sand- and hundred-dollar genome sequencing technology in
the postgenomic era.Thus, the high throughput and low cost
of next-generation sequencing technologies have provided a
new stage for scientific research [8, 9].

AS was discovered in 1977 [10]. Subsequently, researchers
realized the importance of AS due to its ability to regulate
gene expression and facilitate protein diversity [11, 12]. The
advantages of next-generation sequencing technology have
opened a new stage of sequencing, and the study of the
massive amounts of data generated by RNA-seq technology
has become an important research direction.

RNA-seq (high-throughput RNA sequencing) represents
a new method for the analysis of gene expression and tran-
scriptomes.Many software tools and databases have appeared
with the capacity to generate short sequence alignments
and predictions on the basis of the alternative splice sites
identified using RNA-seq.
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Figure 1: Five types of alternative splicing.

In this study, we outlined the methods, software tools,
and databases available for AS research under two-generation
sequencing technologies. The effect of these factors on AS
research was analyzed. Using RNA-seq data produced by
the Illumina/Solexa sequencing platform as an example, we
compared three common splice site prediction programs
(HMMSplicer [11], SOAPsplice, and TopHat [8]) under con-
ditions of different depths and sequence read lengths. The
performance of each type of software was evaluated under
different conditions by comparing the number of accurately
predicted sites, the accuracy rate, and the error rate. Finally,
we discussed the problems and challenges associated with
using deep sequencing data to study AS.

2. Discovering Alternative Splicing Sites from
Long DNA Sequences

In addition to experimental methods, researchers predict
potential AS events through the comparison between EST
expression sequence tags and gene sequences. A large number
of analyses and studies have validated the significance of the
3 terminal splice acceptor site and 5 terminal splice donor
site in splicing events. Figure 1 summarizes the five AS forms.

The study by Fairbrother et al. [13] on exons in the human
genome revealed that the splicing enhancers ESE and ESS
serve an important regulatory function in selective splicing.
Black [14] demonstrated that the splicing enhancer ISE and
silencer ISS are also important for the selection of splicing
sites and recognition of exons and introns. Thus, the AS pro-
cess in eukaryotic genes is determined not only by a splicing
factor but also by a complex regulatory process.

Themeans of selective splicingmainly include the follow-
ing.

(1) Comparison analysis based on ESTs, mRNA, and
gene fragments: EST comparative analysis was one
of the earliest AS research methods. This method
can identify certain AS events. However, EST has its
own limitations, such as incomplete data, influence
from genetic pollution, sensitive 3 terminal, and high
cost [15, 16]. Common comparison software programs

include BLAT [17], Clustal [18], SIM4 [19], Ecgene
[20], ASPIC [21], Spidey [22], GeneSeqer [23], and
GMAP [24].

(2) Using gene chip high-throughput technology: gene
chip technology has facilitated the research upsurge
in the whole gene transcriptome. A large number of
AS events have been identified using this technology.
Johnson et al. [1, 25] discovered many exon-skipping
events by analyzing microarray data. However, the
disadvantage of this method is that probe density is
limited, and designing a probe based on the known
sequence and data analysis is difficult.

(3) Using machine learning methods for theoretical
prediction: machine learning techniques have been
widely used in various tasks in the field of bioin-
formatics, such as protein remote homology detec-
tion [26–29], microRNA identification [30, 31], pro-
tein binding site prediction [32], domain boundary
identification [33, 34], DNA-binding protein pre-
diction [35–37], protein structure prediction [38],
enzyme classification [39, 40], gene regulation net-
work construction [41], heat shock protein classifica-
tion [42, 43], replication origin prediction [44, 45],
nucleosome positioning sequence identification [46–
48], CpG island methylation status prediction [49],
translation initiation site prediction [50], promoter
prediction [51], and microarray clustering [52, 53].
Thesemachine learning basedmethods have achieved
promising predictive performances. Therefore, some
researchers have also applied common machine
learning methods for theoretical predictions, such
as support vector machine (SVM) [54, 55], weight
matrices, the hidden Markov model, the quadratic
discriminant function [56], and the neural network
model [57]. The programs used for predicting splice
sites based on these algorithms include HMMgene
[58], NetGene2 [59, 60], geneID [61], GeneSplicer
[62], and SpliceMachine [63].
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3. Discovering Alternative Splicing
Sites from Short Reads

The next-generation high-throughput sequencing technol-
ogy developed rapidly after its emergence, thus enabling
sequencing technology to move a step closer towards the
thousand-dollar genome project. RNA-seq represents a new
approach for gene expression and transcriptome studies.
Currently, traditional AS research methods coexist with the
development of the next-generation research methods. An
increasing number of studies have been devoted to the devel-
opment of new algorithms. In summary, next-generation
high-throughput sequencing technology can provide a broad
platform for AS due to its high efficiency and inexpensive-
ness.

However, RNA-seq also has shortcomings. The main
challenge stems from read length. The read length of first-
generation sequencing (i.e., Sanger sequencing) reaches
approximately 1000 bp. The initial read length of RNA-seq
was only approximately 25 bp.The read length is still relatively
short, despite reaching 100 bp using Illumina/Solexa double-
end sequencing [64].

3.1. Data Preprocessing. The first step in predicting an alter-
native splice site is to position the read on the reference
transcriptome using RNA-seq data. However, the general
analysis tools often position the reads on the reference
genome because the transcriptome itself is not complete [8].
Short RNA-seq read lengths and incomplete transcriptomes
cause the accuracy of this step to directly influence the
accuracy of the prediction.

Some data found in read mapping can cross two exon-
exon junctions [65].This “read in junction” cannot be directly
positioned on the genome sequence. This finding represents
the key to studying alternative splice sites and identifying the
critical region for exploring undetected splice events. There-
fore, the processing strategy used to splice the read in junction
is the key to predicting splice sites [66]. One approach for
the treatment of read in junction is to position the reads
onto the reference genome according to the currently known
annotation of the exons. ERANGE [67] uses this method.
Obviously, identifying new splice events is difficult using this
approach. Another approach is to completely position the
reads on the reference genome so that they can be divided into
several different clusters. Reads with overlapping areas are
classified into the same cluster. An exon region is delimited in
each cluster [65]. Finally, the reads in junctions are positioned
on the possible junctions. New splice events can be identified
because the reads are based on known exon annotations.The
splice site prediction software TopHat [8] uses this strategy.

Numerous software programs are specifically designed
for the read mapping of RNA-seq data. These programs
adopt the following algorithms: (1) the Smith-Waterman
algorithm, such as BFAST [68] and SHRiMP [69]; (2) the two-
way Burrows-Wheeler transform (BWT) algorithm, such as
SOAPAligner [70]; (3) the BWT algorithm, such as Bowtie
[71] and BWA [72]; and (4) the spaced-seed vacancy seed
algorithm, such as MAQ [73]. Data compatibility should also
be considered along with the choice of software. The formats

of RNA-seq data generated by various sequencing platforms
are different [74]. Thus, software versatility is affected by the
styles and variety of formats it supports. Bowtie and BWA are
relatively efficient, whereas SOAPAligner, BFAST, and MAQ
have good tolerance for mismatches.

In addition to read mapping, we identified special soft-
ware devoted to read assembly (i.e., de novo assembly). Few
methods to study AS based on read assembly exist. However,
read assembly has special roles in other biological informa-
tion sciences. The typical read assembly software includes
SHARCGS [75], SSAKE [76], and ALLPATHS [77]. The
former two are assembled only for single sequence data, while
the latter can be assembled for a pair of sequences from
double-end sequencing. MAQ also has the ability to perform
read assembly. Finally, sequence read archive (SRA) files are
specialized for the storage of databases related to RNA-seq
data for NCBI for inclusion into an AS database.

3.2. Alternative Splicing Prediction. The commonAS site pre-
diction software includes ERANGE, QPALMA [78], TopHat,
MapSplice [79], SpliceMap, SOAPsplice, SplitSeek [80], and
HMMSplicer. Current studies using RNA-seq to identify AS
sites focus on locating splice sites, discovering new splice sites
located as distantly as possible, and conducting next-step AS
studies. Therefore, the accuracy and efficiency of predictions
are key factors for the prediction software. Moreover, accu-
racy should be improved in order to predict more splice sites,
while the error probability should be reduced; these factors
differ for selected algorithms.

ERANGEwas the earliest availablemethod. It was the first
program to use the read mapping method. In this method,
the read is positioned on the reference genome based on
known exon annotations. Thus, this method cannot be used
to identify a new splice site. QPALMA adopts the machine
learning strategy and trains support vector machines for site
identification using known splice sites. Vmatch has been
adopted for positioning. However, because the efficiency of
Vmatch is not high enough compared with Bowtie, Vmatch
is not used for comparing reads. TopHat first positions
the sequence on the reference genome using Bowtie. MAQ
successfully positions the sequence assembly on the reference
genome.Then, a possible splice site is recognized based on the
adjacent exons. Additionally, the sequences not positioned on
the reference genome are collected to establish the vacancy
seed index. Finally, the vacancy expansion is compared in
order to obtain the possible splice sites. According to a
test reported by the authors, TopHat processed 2.2 million
reads per hour, whereas QPALMA processed approximately
180,000. However, the performance will be poor when the
depth of sequencing is low or the intron is very short because
the algorithm adopts exon islands.

SpliceMap consists of four main steps: half-read map-
ping, seeding selection, site search, and paired-end filtering.
First, SpliceMap splits the read into halves. Alignment posi-
tioning is performed between each portion and the gene
sequence. Then, the remaining half is positioned on the
downstream region within the range of the longest intron.
This approach requires the read length to be at least 50 bp.
Therefore, SpliceMap cannot process read lengths <50 bp.
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When we compared SpliceMap with ERANGE, ERANGE
discovered 160,899 sites, whereas SpliceMap accurately pre-
dicted 127,043 sites. Moreover, 24,274 of the 151,317 sites
discovered by SpliceMap were not discovered by ERANGE,
of which 23,020 represent new splice sites. However, these
new sites are unconfirmed.TheMapSplice software appeared
after TopHat and SpliceMap. MapSplice is not based on the
characteristics of splice sites or the length of an intron. It
also has the potential to discover new sites and can adapt the
length of the read.

The emergence of SOAPsplice improved the evaluation
standard of splice site prediction software. SOAPsplice not
only depends on the number of recognition splice sites but
also emphasizes a high accuracy and low error rate. The
experiment described in the next section revealed that the
performance of SOAPsplice was comparatively outstanding.
SplitSeek is strict with regard to the format of the input data
and only supports data generated by ABI SOLiD. Moreover,
because the input data are processed by a complete ABI
transcriptome analysis tool, the application is not very wide.
HMMSplicer is similar to SpliceMap but possesses several
innovations. First, it divides the read into halves and com-
pares halves with the genome sequence. The exon boundary
(i.e., the 5 terminal) is obtained using the hidden Markov
model (HMM). Second, the remaining half is positioned
downstream the first half to determine the boundary 3
terminal of the intron. Both common (GT-AG, GC-AG, and
AT-AC) and uncommon splice sites are recorded during this
process. Finally, the scores of candidate loci are graded using
the scoring algorithm.

3.3. Aligning Spliced Reads to the Reference Genome. Read
lengths generated by all types of sequencing platforms are
growing concomitant with the development of deep sequenc-
ing and RNA-seq technology. In the early days, read lengths
were usually approximately 32 bp, and most of the software
programs did not consider the location of the spliced reads
on the reference genome. However, with the generation of
longer reads, new requirements were put forward for locating
software.

Reads mapping and alternative splicing detection are two
steps in an analysis workflow. RNA read alignment is the
precursor step and splice isoform detection is the successor
step. Splice isoform detection tools include Cufflinks [81] and
Scripture [82]. Cufflinks is a software tool for detecting the
specific expression genes. If users have two groups of RNA-
Seq data, such as ill and normal persons, it would be better
to employ Cufflinks for the key genes detection. Scripture is
a method for transcriptome reconstruction that relies solely
on RNA-Seq reads and an assembled genome to build a
transcriptome ab initio.

Researchers applied the preprepared splice site database
when they began trying to align spliced reads to the reference
genome. However, the existing annotation of the transcrip-
tome was far from being perfect.Therefore, some researchers
once again began using BLAT to locate reads.

The TopHat software program solved these problems
and thus became widely used by researchers; moreover, its
vision has been expanding in every release from its initial

release. In addition to its ability to align spliced reads to the
reference genome, TopHat can also predict possible splice
sites. These splice sites play an important role in improving
the annotation of the transcriptome. The initial vision of
TopHat had many limitations; however, the adoption of new
methods in the software updates has improved TopHat’s
performance.

With the development of sequencing technologies, reads
with lengths >100 bp have been produced on a large scale.
These reads may span one or more spliced sites, which
introduces difficulty in aligning spliced reads.The SpliceMap
software is capable of processing longer reads (read lengths
> 50 bp). To process these long reads, SpliceMap divides the
reads into overlapping short read fragments. Then, they are
annotated with the locating information of whole reads based
on the locating information of the short read fragments.

MapSplice is another package that aligns spliced reads to
the reference genome, although it applies a different method.
The MapSplice algorithm is suitable for all types of read
lengths. It is similar to SpliceMap in that it does not use
continuous aligning of the reads to create an exon library in
advance. Because theMapSplice package does not depend on
spliced read signal information when aligning reads, it can
locate some reads that SpliceMap cannot align. It can also be
used to predict new spliced reads with no spliced read signal
information. Another advantage of the MapSplice package is
its high efficiency compared with most other software.

Package SeqSaw was proposed by Wang et al. [83] and is
totally different fromTopHat andMapSplice. It was similar to
the SpliceMap package in its early releases. However, SeqSaw
use has dynamically changed to Hash Table to reduce the
search space. The core algorithm of SeqSaw is focused on
locating short reads to the genome.There are very few introns
>400Kb in the known mammalian genome. Thus, we can
define intron lengths as being less than a certain value, with a
default value of 400Kb. Users can adjust the value according
to the needs of different species or datasets. However, SeqSaw
uses certainmeans and performs a large amount of optimiza-
tion, which greatly reduces the search space.

The R package DEGseq [83] has been proposed to detect
small changes in the genetic expression of each sample. It is
used to assess the trend of background noise in MA due to
technological repeats. Figure 2 shows the working process of
DEGseq.

The difference between a DNA aligner and an RNA
aligner is that an RNA aligner can tolerate extra-long dele-
tions (introns) while DNA aligners cannot [84]. Moreover,
many RNA aligners are constructed based on DNA aligners
(i.e., TopHat is built based on Bowtie). STAR is the latest
and most popular RNA-seq alignment tools. In addition to
unbiased de novo detection of canonical junctions, STAR
can discover noncanonical splices and chimeric (fusion)
transcripts and is also capable of mapping full-length RNA
sequences [85].

4. Experiments Using State-of-the-Art
Software Tools

HMMSplicer, SOAPsplice, TopHat, and STAR were used to
perform the following analysis of Illumina/Solexa output
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Figure 2: Working process of DEGseq.

data. The reference genome data are from the tenth human
chromosome. The gene sequence was processed into RNA-
seq sequences with different read lengths and different
sequencing depths as the test data for SOAPsplice and
TopHat. HMMSplicer does not support double-end sequenc-
ing data, so each pair of FASTQ data was merged into a
FASTQ file as the test data for HMMSplicer.

Figure 3 shows that, in the premise of the 50 bp read
length, each type of software predicts an increase in the
number of loci that increases with the development of
sequencing technologies. The accuracy of TopHat is poorer
compared with the other two programs within a sequencing
depth range of 1x to 10x, and the error rate is still high. The
accuracy of TopHat increased rapidly after the sequencing
was deepened. SOAPsplice and TopHat performedwell in the
aspect of accuracy, although the error rate was significantly
worse for TopHat. STAR works best among the four tested
tools. SOAPsplice and STAR performed well in both aspects.

5. Conclusion

In this study, we analyzed and compared the current
AS-associated algorithms and software. We summarized

the present situation of AS. The read mapping, including AS
and site recognition algorithms, remained the focus of the
current research.We aimed to improve the algorithm’s quality
in order to increase the number of prediction sites as much
as possible and to meet the high-accuracy rate. RNA-seq data
size is very large due to the continuous development of next-
generation sequencing technology. This study represents a
broad platform for AS and other fields of bioinformatics.This
review of experimental and research methods for AS may be
helpful for other researchers.

Although high-throughput sequencing has given rise to
an unprecedented opportunity for the study of AS, few
scholars study AS based on RNA-seq data. Therefore, the
available algorithms and software are not rich compared with
those based on EST/cDNA theory. Significant differences
are found in the alignment step between the algorithms
and the software using next-generation technology. This step
represents the critical step based on the study of RNA-seq
data.The software tools and algorithms need to be considered
in parallel as the read data becomes more massive [86].
Genome-wide analysis will be the hot topic for all alternative
and epigenetic research fields [87]. Moreover, many of the
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special databases based on RNA-seq data are not perfect.
The corresponding new research methods and databases will
be perfected with the constantly developing study of AS.
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Transcription factors are proteins that bind to DNA sequences to regulate gene transcription.The transcription factor binding sites
are short DNA sequences (5–20 bp long) specifically bound by one or more transcription factors.The identification of transcription
factor binding sites and prediction of their function continue to be challenging problems in computational biology. In this study,
by integrating the DNase I hypersensitive sites with known position weight matrices in the TRANSFAC database, the transcription
factor binding sites in gene regulatory region are identified. Based on the global gene expression patterns in cervical cancer
HeLaS3 cell and HelaS3-ifn𝛼4h cell (interferon treatment on HeLaS3 cell for 4 hours), we present a model-based computational
approach to predict a set of transcription factors that potentially cause such differential gene expression. Significantly, 6 out 10
predicted functional factors, including IRF, IRF-2, IRF-9, IRF-1 and IRF-3, ICSBP, belong to interferon regulatory factor family
and upregulate the gene expression levels responding to the interferon treatment. Another factor, ISGF-3, is also a transcriptional
activator induced by interferon alpha. Using the different transcription factor binding sites selected criteria, the prediction result
of our model is consistent. Our model demonstrated the potential to computationally identify the functional transcription factors
in gene regulation.

1. Introduction

Inmolecular biology and genetics, transcription factors (TFs)
are proteins that bind to DNA sequences specifically, thereby
regulating the transcription of genetic information from
DNA to messenger RNA [1]. Once bound to DNA, these
proteins can promote or block the recruitment of RNA
polymerase to specific genes, making genes more or less
active. Transcription factors are essential for the regulation
of gene expression. Under the effect of transcription factors,
the various cells of the body can function differently though
they have the same genome. Transcription factors bind to one
or more sequence sites, which are called transcription factor
binding sites (TFBSs), attaching to specific DNA sequences
of the genes they regulate [2]. Transcription factor binding
sites can be defined as short DNA sequences (5–20 bp long)

specifically bound by one or more transcription factors [3].
The transcription regulation is carried out by the interplay
between transcription factors and their binding sites in
DNA sequences; thus the prediction of TFBS is a vital step
to understand the mechanism of transcription regulation
and construct the network of transcription regulation. With
the development of DNA microarrays and fast sequencing
technique, many transcription factor binding sites have been
identified by using experimental methods such as ChIP-
chip and ChIP-Seq [4–6]. Because these methods will con-
sume many experiment materials and many TFs have no
corresponding antibodies, biological experimental methods
cannot identify all TFs in the genome. Hence, many different
computational methods have been proposed to search for
additional members of a known transcription factor binding
motif or discover novel transcription factor binding motifs.
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In recent years, many computational methods such as
regression based approaches have been proposed to discover
transcription factor binding sites based on gene expression
data.Thesemethods canmodel the relationship between gene
expression and transcription factor binding motifs in the
promoter regions [7–9]. Bussemaker et al. proposed a simple
linear model between gene expression and transcription
factors using the TFBSs counts in the promoter region [10].
Based on this model, instead of the counts of TFBSs, Conlon
et al. used position weight matrices (PWMs) to identify
the motif candidates on upstream of genes [11]. In these
previous methods, the whole promoter regions were always
used as transcriptional regulatory regions that include TFBSs.
As we all know, promoter regions are much longer than
TFBSs; therefore, it will be better for TFBS prediction if we
can narrow down the potential transcription factor binding
region.

As early as the 1980s, the gene transcription was found
to be related with the sensibility to DNase I (deoxyribonu-
clease I) of chromatin [12]. The sensibility to DNase I of
chromatin which contains the actively transcribed genes is
100 times stronger than the one of the chromatin which
does not contain the actively transcribed genes [13]. In 2013,
Sheffield et al. [14] found that TFBSs were correlated with
the DNase I hypersensitive (DHS) sites. The structure of the
chromatin that contains DHS sites is looser, so that gene
regulatory proteins can bind to these regions preferentially
to exert biological functions [15–18]. Within the DHS sites,
the regions are not digested easily and protected by specific
proteins which probably are gene regulatory proteins such
as transcription factors. In this study, the DHS sites were
combined with gene expression data to deduce the target
genes, and it was found that approximately 71 percent of DHS
sites associated with at least one gene and some of these
DHS sites associated with up to 44 genes, and among these
genes the protein-coding genes were more than RNA genes.
UsingEncodeChIP-Seq data, the transcription factor binding
sites were compared to the DHS sites, which showed highly
overlapping percentage.Hence, theDHS sites in the promoter
region can be used to identify TFBSs [19].

In our previous study, a model-based procedure has
been developed to predict the functional TFBSs. The model
utilized known position weight matrix to identify potential
TFBSs in the gene promoter regions and built quantitative
relationship between the TFBSs and gene expression levels.
The transcriptional regulatory region was arbitrarily defined
as the upstream region of transcription start site. In this study,
we proposed a modified method that combined the DNase
I hypersensitive sites with promoter regions to promote the
accuracy of TFBS identification and recognize the regulatory
function of transcription factors.

2. Methods

2.1. BiologicalModel System. The cervical cancer HeLaS3 cell,
which is a clonal derivative of the parent HeLa cell, has been
very useful in the clonal analysis of mammalian cell popula-
tions relating to chromosomal variation, cell nutrition, and

plaque-forming ability. In recent years, as a tier of 2 cell types
of ENCODE project, large sets of genome-wide study used
the next generation sequencing technology to investigate
gene expression, transcription factor binding sites, histone
modification, and DNase I hypersensitive sites in HeLaS3 cell
line. In this study, using genome-wide gene expression profile
combined with DNase I hypersensitivity data, we developed
a newmethod to predict themost important transcript factor
in interferon alpha treated HeLaS3 cell line.

2.2. Gene Expression and DNase I Data Set. The gene expres-
sion profiles of HeLaS3 and HeLaS3 treated by interferon
alpha for 4 hours were downloaded from Gene Expres-
sion Omnibus Database (GEO number: GSE15805), where
Affymetrix Human Exon 1.0 ST Array was used to access
the global gene expression patterns in 3 and 2 replicates. The
DNase I data set of HeLaS3 used in this study was freely avail-
able for downloading from the uniform DNase I HS track
of UCSC NCBI37/hg19 ENCODE (http://genome.ucsc.edu/
encode/).

2.3. Differential Expressed Gene Identification. Each gene
expression array of 3 HeLaS3 replicates and 2 HelaS3-
ifn𝛼4h replicates has been done the RMA normalization
used Affymetrix Power Tools (APT) and removed the batch
effects using ComBat in the previous study [20]. We utilized
the Quantile Normalization [21] to eliminate the difference
among the parallel experiments and then used the Scaling
Normalization [22] to eliminate the difference between two
cell types. The genes not reliably detected in at least one
of the two cells were removed and only the protein-coding
genes were picked up. After 𝑡-test calculation, we selected 197
probe sets by 𝑃 < 0.05 and fold change > ±2; the expres-
sion levels of them were altered significantly. Removing the
probe sets that were not reliably detected and that had absent
annotation; finally, 181 differentially expressed genes [23]
were left for analysis, in which 121 were upregulated and 60
were downregulated.

2.4. TFBS Prediction in DHS Sites. For the 181 differentially
expressed genes, the DHS sites which located in the 1,000 bp
upstream and 500 bp downstream of transcription start sites
were picked up as transcriptional regulatory regions. Human
RefSeq transcript annotation (hg19 genome assembly) and
regulatory sequence were retrieved from the UCSC Genome
Browser. 2188 position weight matrices (PWMs) in the
TRANSFAC database were used to predict the transcription
factor target genes. For each TF-DHS pair, the similarity
scores were calculated by scanning the PWM of the tran-
scription factor along the sequence of DHS site and the
maximum score was selected as the binding affinity between
the transcription factor and DHS site. For each PWM, we
selected top 5000 DHS sites with highest similarity scores in
genome-wide as potential TFBS.

2.5. The Prediction of Functional Transcription Factor. In
order to describe the correlation between the genes expres-
sion levels and the binding affinity of transcription factors in
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DHS sites, a simplified quantitative relationship is established
using a linear model:

𝑔

𝑘
= ∑

𝑖∈𝑇𝑘

(∑

𝑚

𝑑 [𝑚, 𝑖]) 𝑥

𝑖
, (1)

where 𝑔
𝑘
is the logarithmic ratio of mRNA expression levels

of the 𝑘th gene in the treatment group comparing to control
group, 𝑑[𝑚, 𝑖] is the matching score of 𝑖th PWM in the 𝑚th
DHS sites within transcriptional regulatory region of the 𝑘th
gene,𝑇

𝑘
is the number of all the TFBSs having occurrences in

the regulatory region of the 𝑘th gene, and 𝑥
𝑖
is the functional

level of the 𝑖th PWM. The biological implication of this
equation is that the measured gene expression level 𝑔

𝑘
is

modeled by the effect of transcription, controlled by 5 cis-
acting elements. Because the expression level of genes we
used in this study was Log2 RMA expression value, 𝑔

𝑘
was

calculated according to the following formulation:

𝑔

𝑘
= 𝑠

𝑘,Treatment − 𝑠𝑘,Control, (2)

where 𝑆
𝑘,Treatment is the logarithmic ratio of mRNA expression

levels of the 𝑘th gene in the treatment group (HelaS3-ifn𝛼4h)
and 𝑆

𝑘,Control is the logarithmic ratio of mRNA expression
levels of the 𝑘th gene in the control group (HelaS3).

The linearmodel only described the quantitative relation-
ship between gene expression levels and PWMs of one differ-
entially expressed gene. Thus, the model can be rewritten in
a matrix formulation:

𝑍 = (𝐶𝐷)𝑋,

𝑋 = ([𝐶𝐷]

𝑇

[𝐶𝐷])

−1

[𝐶𝐷]

𝑇

𝑍,

(3)

where 𝑍 = (𝑔

𝑘
); 𝑋 = (𝑥

𝑖
) and 𝐶 is the marking matrix

recording whether the DHS sites are within the transcrip-
tional regulatory regions of differentially expressed genes or
not. If the 𝑗thDHS site iswithin the transcriptional regulatory
region of the 𝑖th gene, 𝐶[𝑖, 𝑗] = 1; otherwise 𝐶[𝑖, 𝑗] = 0. 𝐷
is the score matrix representing the maximum score of each
motif candidate in each DHS site. The model error based on
a given selection of TFs will be defined as the sum square
of the differences between observed and predicted mRNA
expression levels:

𝑒 =

𝑛

∑

𝑘=1

(𝑔

𝑘
− ∑
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(∑

𝑚

𝑑 [𝑚, 𝑖]) 𝑥
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)

2

,
(4)

where 𝑒 is the error of this model and 𝑛 is the total number of
differentially expressed genes.This equation can be rewritten
in a matrix formulation:

Err = ‖𝑍 − (𝐶𝐷)𝑋‖

=













𝑍 − (𝐶𝐷) ([𝐶𝐷]

𝑇

[𝐶𝐷])

−1

[𝐶𝐷]

𝑇

𝑍













.

(5)

In this study, we iteratively computed the model error of
each PWM for 𝑁

𝑝
= 100,000,000 times. In each iteration,

the program selected 𝑛

𝑡
= 5 PWM candidates randomly.

The model error of each set of PWMs was calculated. Mean-
while, we assigned a score value, transcription factor’s contri-
bution value (TFCV), for each PWM candidate. The TFCV
can be calculated by the following formulation:

TFCV = ∑

𝑁

1

Err2
, (6)

where Err is the model error and𝑁 is the number of selected
PWM candidates in each iteration. If Err is smaller, namely,
TFVC score is higher, the transcriptional function of PWM
corresponding transcription factor will be more significant.
Meanwhile, the cumulative TFs’ functional levels (TFL) were
calculated by the sum of 𝑥.

The programof functional transcription factor prediction
can be summarized as follows.

(1) Calculate the matrix 𝑍 of expression levels of all the
genes in the HelaS3-ifn𝛼4h comparing to the HelaS3.

(2) Extract the DNA sequences of DHS sites of HelaS3
and calculate the score matrix 𝐷 using PWM. For
each PWM, the threshold value (ts) is set as the
5000th highest score.

(3) Construct the matrix 𝐶 by comparing the position of
DHS site and gene’s regulatory region coordinate in
the genome.

(4) Randomly pick 𝑛
𝑡
PWMs from all 2188 PWM candi-

dates.
(5) Calculate the predicted model error Err.
(6) Calculate the TFCV and TFL of each PWM which is

randomly picked in this iteration.
(7) Add the current transcriptional contribution score to

the cumulative TFs’ contribution value (TFCV) and
add the current function level to the cumulative TFs’
functional levels (TFL).

(8) Repeat the program (4–7)𝑁
𝑝
times.

3. Results

3.1. Overlapping between DHS Sites and TFBS of HelaS3. The
transcription factors ChIP-Seq data [16, 17] and DNase I
hypersensitivity sites of HelaS3 cells were downloaded from
the UCSC Genome Browser. After filtering out the ChIP-
Seq experiments with poor quality, 42 TFBS profiles were
considered the overlapping analysis with DHS sites in HelaS3
cells (Figure 1). Notably, we found that the binding sites of
26 transcription factors had more than 90% overlap and only
5 factors had less than 70% overlap with DHS sites. Among
these 5 factors, CTCF which often acts as a chromatin “insu-
lator” creates boundaries between topologically associating
domains in chromosomes. Therefore, transcription factors
tend to bind to the DHS sites and we can utilize the DHS sites
to improve the accuracy of transcription factor binding sites
prediction.

3.2. Functional Transcription Factor Identification. Potential
PWMs which corresponded to the binding sequence of



4 BioMed Research International

0
20
40
60
80

100
(%

)

BR
CA

1

CE
BP

B

CH
D
2

CT
CF

E2
F1

E2
F4

E2
F6

EL
K1

EL
K4

EP
3
0
0

FO
S

G
A

BP
A

G
TF

2
F1

IR
F3

(a)

0

20

40

60

80

100

(%
)

JU
N

JU
N

D

M
A

FK

M
A

X

M
A

Z

M
XI
1

M
YC

N
FY

A

N
FY

B

N
R2

C2

N
RF

1

PR
D

M
1

RA
D
2
1

RC
O

RI

(b)

Overlap
No overlap

RE
ST

RF
X5

RP
C1

5
5

SM
A

RC
B1

SM
C3

ST
AT

1

ST
AT

3

TA
F1

TB
P

TC
F7

L2

TF
A

P2
A

TF
A

P2
C

U
SF
2

ZN
F1

4
3

0

20

40

60

80

100
(%

)

(c)

Figure 1: Overlapping between transcription factors binding regions and DHS sites. The blue bar and red bar represent the percentage of
transcription factors that overlap and do not overlap with the DNase I hypersensitive sites, respectively.

a specific transcription factor were selected based on the
binding affinity within DHS sites in the gene promoter
region, as detailed in the methods. In order to predict the
transcription factor binding sites, we calculated the score
matrix 𝐷 which stored the maximum scores as the binding
affinity between the transcription factors and DHS sites. For
each PWM, we selected top 5,000 matching positions with
the highest similarity scores in the DHS sites genome-wide
as potential TFBSs. After calculating our model iteratively,
potential PWMs were selected based on the TFCVs of all
PWM candidates. The histogram of TFCVs score of PWMs
candidates is shown in Figure 2. In these PWM candidates,
not all of them are real functional transcription factor binding
sites. According to the methods, if the TFCV scores of
PWMs are higher, their contributions to the alteration of
gene expression are more significant. We selected the top
10 PWMs with the highest TFCV scores. The TFCV scores
and the TFL values of these 10 PWM candidates are shown
in Table 1. Significantly, 6 out 10 PWMs, including IRF,
IRF-2, IRF-9, IRF-1, and IRF-3, ICSBP, belong to interferon
regulatory factor family and upregulate the gene expression
levels responding to the interferon treatment. ISGF-3 is also a
transcriptional activator induced by interferon alpha. Among
10 PWMs, 9 received positive TFL values. This implies the
increased capability of the 5-end promoters in initiating
transcription after treatment with interferon alpha.

3.3. Comparison of the Different TFBS Selection. To verify
the accuracy of our model, we repeatedly run our model by
changing the number of TFBSs to top 1000, 2000, 3000, or
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Figure 2: The histogram of TFCV scores for 2182 known PWMs.
The 𝑥-axis is TFCV score and the 𝑦-axis is the frequency of the
occurrence of TFCV for all known PWM.

4000 highest scores for eachPWM.TheTFCVprofiles of each
repeat computation are shown in Figure 3. We found that the
distributions of TFCVs of all the PWM candidates in these 5
results were very similar. The Pearson correlation coefficient
between the TFCV scores of each pair of predicted results
was calculated. A heatmap corresponding to the Pearson
correlation coefficient is shown in Figure 4. Obviously,
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Table 1: Transcription factor’s contribution value (TFCV) and estimated TFs’ functional levels (TFL) of top 10 selected PWMs.

Index ID TF name PWM description TFCV TFL
1 M00772 IRF Interferon regulatory factor family 326.928 14830.189
2 M01882 IRF-2 Interferon regulatory factor 2 325.779 14680.555
3 M02771 IRF-9 Interferon regulatory factor 9 322.969 15127.858
4 M00258 ISGF-3 Interferon-stimulated response element 320.613 9914.496
5 M01881 IRF-1 Interferon regulatory factor 1 320.501 15363.707
6 M02767 IRF-3 Interferon regulatory factor 3 317.408 11305.011
7 M00699 ICSBP Interferon consensus sequence-binding protein 314.717 7242.987
8 M00248 Oct-1 Octamer factor 1 313.642 6287.612
9 M01235 IPF1 Homeodomain-containing transactivator 310.253 6593.312
10 M01857 AP-2 alpha Activating enhancer binding protein 2 alpha 309.403 −3725.557
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Figure 3: TFCV profile of 5 selected highest TFBS candidate models. The spectra of TFCV of all the PWMs while the threshold of potential
TFBS is the 5000th, 4000th, 3000th, 2000th, or 1000th highest similarity score for each PWM. The 𝑥-axis corresponds to 2188 PWMs and
the 𝑦-axis corresponds to TFCV scores.

the correlation between the prediction of top 1000 and top
5000 is the lowest (0.88), and the correlation between the
prediction of top 4000 and top 5000 is the highest (0.96).The
top 10 predicted PWMs with the highest TFCV score in all 5
calculations are shown in Table 2. Most of the top 10 PWMs
are the same among these five prediction results, and most of
them belong to interferon regulatory factor family.

4. Discussion

In this study, we modified the previous procedure Modif-
Modeler to identify functional transcription factors. In the
previous procedure, the transcription factor binding regions
were set as the promoter regions [24]. To improve the
accuracy of the identification of transcription factor binding
sites, we reduced the searching space of transcription factor

Table 2: The top 10 transcription factors with the highest TFCV
score in 5 selected highest TFBS candidate model.

Index Top 1000 Top 2000 Top 3000 Top 4000 Top 5000
1 ICSBP IRF-9 IRF-2 IRF-2 IRF
2 IRF IRF IRF IRF IRF-2
3 IRF-3 ICSBP IRF-9 IRF-9 IRF-9
4 ISGF-3 IRF-3 IRF-1 ISGF-3 ISGF-3
5 IRF-9 IRF-2 IRF-3 IRF-1 IRF-1
6 IRF-1 ISGF-3 ISGF-3 IRF-3 IRF-3
7 IRF IRF-1 ICSBP ICSBP ICSBP
8 EAR2 IRF-7 EAR2 Oct-1 Oct-1
9 IRF-5 IRF-1 IRF-1 IPF1 IPF1
10 RREB-1 EWSR1-FLI1 Lim1 AP-2 alpha AP-2 alpha
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Figure 4:The cross-correlation coefficients of TFCV score among 5
selected highest TFBS candidate models.

binding regions. We have known that transcription factors
tended to bind to DNase I hypersensitive sites; thus we
combined the DNase I hypersensitive sites with promoter
regions to construct a new model. In our model, using
DHS sites within transcriptional regulatory region of each
differentially expressed gene to replace all promoter regions,
the binding regions of transcription factors were shortened
and the accuracy of predicting transcription factor binding
sites was improved. In this study, our model predicted some
transcription factor binding sites whose functions differed as
a result of interferon-𝛼 treatment.

Our modified model predicted that 9 of the top 10 tran-
scription factors showed upregulatory effects on gene expres-
sion after interferon-𝛼 treatment which was clearly shown in
Table 1. These predicted top 10 transcription factors with the
largest TFCVsmade significant contribution to the alteration
of gene expression after interferon treatment. After being
treated by interferon, some mechanisms of HelaS3-ifn𝛼4h
have changed compared with HelaS3 and some transcription
factors responding to the interferon treatment have shown
significant contribution to the alteration of gene expression.
Obviously, most of the predicted TFs belong to interferon
regulatory factor family, such as IRF-1, IRF-2, IRF-3, and IRF-
9, ICSBP, and upregulate gene expression under interferon
treatment [25–27]. Meanwhile a factor named interferon-
stimulated response element (ISGF-3) also contributes to the
alteration of gene expression significantly. It also indicates
that our modified model can identify transcription factors
which induced the gene expression change.

The identification of transcription factor binding sites is
still a challenging and meaningful area. In the future, the
identification of transcription factor binding sites will be very
important and helpful for the understanding of the gene
regulation mechanism [28]. Gene expression is regulated by
many different elements synthetically. To predict different
regulatory elements and understand their function, we also
need tomodify ourmodel to adapt to various gene regulatory
elements, such as microRNA and RNA binding proteins.
In summary, focusing on the integration with DNase I
hypersensitive sites allows high accuracy in our prediction

procedure. As we all know, the identification of transcription
factor binding sites can be used in clinic to find the change
of regulatory elements in damaged or diseased cells and then
help with the therapy of disease in the gene expression level
[29]. We believe that our optimized method will contribute
to an existing analytical network of gene expression.
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Active microbial communities of deep crystalline bedrock fracture water were investigated from seven different boreholes in
Olkiluoto (Western Finland) using bacterial and archaeal 16S rRNA, dsrB, andmcrA gene transcript targeted 454 pyrosequencing.
Over a depth range of 296–798m below ground surface the microbial communities changed according to depth, salinity gradient,
and sulphate and methane concentrations. The highest bacterial diversity was observed in the sulphate-methane mixing zone
(SMMZ) at 250–350m depth, whereas archaeal diversity was highest in the lowest boundaries of the SMMZ. Sulphide-oxidizing
𝜀-proteobacteria (Sulfurimonas sp.) dominated in the SMMZ and 𝛾-proteobacteria (Pseudomonas spp.) below the SMMZ. The
active archaeal communities consisted mostly of ANME-2D and Thermoplasmatales groups, although Methermicoccaceae,
Methanobacteriaceae, and Thermoplasmatales (SAGMEG, TMG) were more common at 415–559m depth. Typical indicator
microorganisms for sulphate-methane transition zones inmarine sediments, such as ANME-1 archaea, 𝛼-, 𝛽- and 𝛿-proteobacteria,
JS1, Actinomycetes, Planctomycetes, Chloroflexi, andMBGBCrenarchaeota were detected at specific depths.DsrB genes weremost
numerous and most actively transcribed in the SMMZ while the mcrA gene concentration was highest in the deep methane rich
groundwater. Our results demonstrate that active and highly diverse but sparse and stratified microbial communities inhabit the
Fennoscandian deep bedrock ecosystems.

1. Introduction

Stable deep terrestrial subsurface locations are presently
being considered for long-term geological disposal of spent
nuclear fuel. Microbe-mediated processes may play a key
role in the long-term stability and risk assessments of such
storage. Dissolved sulphide produced by sulphate reducing
bacteria (SRB), for example, may exert influence on spent
nuclear fuel canister corrosion leading tomobility of radionu-
clides [1]. In Olkiluoto, Finland, spent nuclear fuel will be
disposed approximately 450m deep in the bedrock. There-
fore, understanding the role and functionality of microbial
communities in this environment is of critical importance for
the safety of the spent nuclear fuel repository [2].

Deep subsurface microbial communities of the Fenno-
scandian Shield, including Olkiluoto, are functionally diverse
and play a role in a variety of redox reactions, such as nitrate,
iron, and sulphate reduction, as well as methanogenesis
(e.g., [3–6]). While the presence of these processes has been
confirmed by cultivation based techniques [4, 5, 7] andDNA-
based PCR techniques [3, 6, 8], activity of these processes in
situ remains uncertain.

In general, deep subsurface microbial communities
appear to have extraordinarily low metabolic activity [6].
However, under certain environmental conditions, such as
sulphate-methane transition zones (SMTZ), microbial activ-
ity appears to increase dramatically [9, 10]. At SMTZs in ma-
rine sediments, concentrations of H

2
S increase (e.g., [11, 12])
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possibly due to anaerobic oxidation of methane (AOM) and
simultaneous reduction of SO

4

2−. In addition, bothmicrobial
cell concentration and microbial diversity have been seen to
be elevated in sedimentary SMTZ environments [10]. Little is
known of the activity, function, and composition ofmicrobial
communities in methane-rich deep terrestrial groundwater
or terrestrial groundwater SMMZs.

Methane and sulphates are major constituents of Olk-
iluoto groundwater, residing in different groundwater layers
[2]. Sulphate-rich water prevails at depths above 300m
below ground surface level (mbgsl) and methane-rich water
dominates below 300mbgsl. A sulphate-methane mixing
zone (SMMZ) can be identified between 250 and 350mbgsl
[2]. In contrast to the clearly identifiable sharp SMTZs
formed in anaerobic aquatic sediments [13, 14] the SMMZs
in deep terrestrial groundwater are broad. In deep terrestrial
subsurface, groundwater resides in bedrock fractures, which
may be almost isolated and thereby exhibit stagnant ground-
water or well connected with each other, which enables
different degrees of groundwater flow. In addition, strong
environmental changes, such as infiltration of surface water,
crustal rebound, glaciation or deglaciation can affect the
stability and position of the SMMZ [15].

Recently Pedersen et al. [16] simulated SMMZ mixing
effect in Olkiluoto groundwater. By gradually increasing the
concentration of sulphate inmethane-rich and sulphate-poor
groundwater over an experimental period of 103 days, the
authors showed that the composition of the microbial com-
munity was strongly influenced by sulphate and methane.
Several studies in Olkiluoto also show that the microbial
communities in Olkiluoto groundwater are stratified and
potentially affected by the groundwater SMMZ [3, 6, 17].
𝛿- and 𝛾-proteobacteria are generally found in water layers
above and in the SMMZwhile𝛽-proteobacteria becomemore
abundant in the deeper methane-rich water [3, 6]. A clear
increase in the number of methanogens was also detected
simultaneously with a decrease in the number of sulphate
reducing bacteria (SRB) in Olkiluoto deep groundwater [3,
17]. In addition, analysis of methyl coenzyme M reductase
(mcrA) gene clone libraries demonstrates the presence of
putative anaerobic methane oxidizing group 1 (ANME-1)
archaea at 300–400m depth [3].

Here, we extend this research and use RNA-targeted
high-throughput (HTP) sequencing to investigate the active
SRB andmethanogen communities of themethane-rich deep
groundwater around the depth of the nuclear waste reposi-
tory rising up in to the SMMZ at the Olkiluoto site. In order
to study the active microbial community in fracture water
samples, the bacterial and archaeal 16S rRNA pools were also
characterized and used as proxy for active (living) microbial
cells. In addition, the abundance of SRB and methanogen
communities was studied by qPCR targeting dissimilatory
sulfite reductase (dsrB) andmcrA transcripts and genes.

2. Materials and Methods

2.1. Description of the Site. The island of Olkiluoto is the
selected site for deep (approximately 450mbgsl) geological
disposal of spent nuclear fuel in Finland. The island has

almost 60 boreholes drilled for research and monitoring
purposes and studies on the chemistry and microbiology
of the groundwater have been on-going since the 1980s
[2]. The groundwater in Olkiluoto is stratified relative to
physicochemical parameters [18]. From the surface to a depth
of 30mbgsl the water is of meteoric origin (i.e. precipitation)
and the water type is fresh to brackish. The uppermost
100mbgsl has a high concentration of dissolved inorganic
carbon (as bicarbonates), and salinity (as total dissolved
solids [TDS] and chlorine) increases with depth. Between
100 and 300mbgsl, salinity is roughly similar to the present
day Baltic Sea, but, below 300mbgsl, the salinity increases
up to 84 g TDS L−1 at 1000mbgsl. Based on drill core
logging, the bedrock of Olkiluoto consists mainly of gneiss
(9% of the bedrock volume), migmatitic gneiss (64% of the
bedrock volume), TGG (tonalite-granodiorite-granite) gneiss
(8%), and pegmatitic granite (19%) [19]. In addition, of the
migmatitic gneiss 67% is veined and 33% diatexitic gneiss.

Between 100 and 300mbgsl, the SO
4

2− concentration is
elevated in ancient (i.e., pre-Baltic) seawater derived ground-
water. Below this layer, the methane concentration in the
water increases and Cl− dominates whereas SO

4

2− is almost
absent. A mixing zone where methane-rich groundwater
diffuses into sulphate-rich groundwater (a sulphate-methane
mixing zone, SMMZ) can be identified at 250 to 350mbgsl
depth. This zone is characterized by increased concentration
of sulphide and a decrease in sulphate and methane.

The temperature rises linearly with depth, from ca. 5-6∘C
at 50mbgsl to ca. 20∘C at 1000mbgsl [20]. The pH of the
water is slightly alkaline throughout the depth profile. Several
aquifer zones, such as zones HZ20 or HZ21, span several
different boreholes (Table 1).

2.2. Sampling. Deep groundwater samples (Table 1) from
specific fracture zones were collected from seven different
boreholes in Olkiluoto (Figure 1) between December 2009
and May 2010. Fracture zones were isolated by permanent
or temporary inflatable packers as described previously [3].
Packer-sealed fracture zones were purged by pumping for
at least four weeks prior to sampling in order to allow
indigenous fracture water to fill the isolated borehole section.
Anaerobic groundwater was pumped from the borehole
directly in to an anaerobic chamber (MBRAUN, Germany)
through a sterile, gas-tight polyacetate tube (8mm outer
diameter), where samples were collected in acid-washed,
sterile 2 L Schott glass bottles (Duran Group GmBH, Ger-
many). Microbial biomass for nucleic acid analyses was
concentrated from 500mL and 1000mL samples by vacuum
filtration through cellulose acetate membranes (0.2𝜇m pore
size, Corning, MA, USA) inside the glove box. Filters were
then cut out from the filter funnels and frozen on dry ice in
sterile 50mL cone tubes (CorningMA,USA). Frozen samples
were transported on dry ice to the laboratory where they were
stored at −80∘C prior to analysis.

Samples for microbial cell counts were collected in
acid-washed sterile, anaerobic 100mL glass infusion flasks
equipped with butyl rubber septa and aluminium crimp caps
and transported to the laboratory at 4∘C in a light-proof
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Table 1: The geochemical and biological measurements from the samples collected from fracture fluids from seven different boreholes in
Olkiluoto, Finland. The different boreholes are presented as sampling depths.

296m 328m 347m 415m 559m 572m 798m
Borehole OL-KR13 OL-KR6 OL-KR23 OL-KR49 OL-KR2 OL-KR1 OL-KR29
Depth below ground
surface (m) −296.11 −328.37 −346.52 −415.45 −559.15 −572.24 −797.81

Water type Brackish SO4 Brackish SO4 Saline Saline Saline Saline Saline
Transmissivity (m2 s−1) 5.86 × 10−8 1.31 × 10−7 6.48 × 10−7 4.37 × 10−7 4.33 × 10−7 5.50 × 10−7 (<10−9)
Hydrogeological zone HZ001 HZ20A HZ21 HZ21
Pump rate (mLmin−1) 22 104 20 172 23.9 62.1 6.1
Cumulative volume
fracture fluid removed
(L)

1129 5486 971 7509 1251 4492 496

Sampling date
Microbiology 9.3.2010 18.5.2010 15.12.2009 14.12.2010 27.1.2010 26.1.2010 18.5.2010

Sampling date
Chemistry 1.3.2010 10.5.2010 7.12.2009 1.12.2009 18.1.2010 18.1.2010 3.5.2010

Sampling date CH4 6.3.2006 3.8.2005 18.3.2003 13.5.2003 4.4.2005
Temperature (∘C) 19.6 11.6 17.6 11 14.8 12 17.7
pH 7.9 7.9 7.5 8.1 8.6 7.8 7.3
Ec (mSm−1) 897 1832 2190 2670 4110 3770 7820
DIC (mgCL−1) 27 4.1 3.9 <3 <3.75 <3.75 <21
NPOC (mgCL−1) 10 <2.4 5.1 <3 11 5 <12
TDS (mg L−1) 4994 10655 12733 15899 25459 23261 53205
Alk (m) meq L−1 2.19 0.37 0.28 0.16 0.29 0.23 0.13
SO
4

2− (mg L−1) 79.5 379 2.9 1.4 0.5 0.5 <2
S2− (mg L−1) 5.10 NA 0.62 0.02 <0.02 0.13 <0.02
NO3 (mg L−1) <0.01 <0.01 <0.01 <0.01 <0.01 <0.01 <0.01
NH4 (mg L−1) 0.07 0.03 <0.02 <0.02 <0.02 0.04 0.08
Fe2+ (mg L−1) <0.02 NA 0.08 0.53 <0.02 0.40 0.46
Na2+ (mg L−1) 1320 2800 2530 3110 4980 4720 9150
K+ (mg L−1) 8.2 9.3 8.3 9.6 19 20 27
Ca2+ (mg L−1) 460 1100 2100 2700 4600 3700 10000
Mg2+ (mg L−1) 35 77 55 19 18 52 136
Cl− (mg L−1) 2920 6230 7930 9940 15700 14600 33500
CH4 (mLL−1) 22 22 NA NA 386 272 920
TNC (mL−1) 4.2 × 105 1.0 × 105 2.5 × 105 1.5 × 104 5.9 × 104 8.7 × 104 2.3 × 104

dsrB gene copies mL−1∗ 3.1 × 104
(8.6 × 103)

5.4 × 103
(2.2 × 103)

1.4 × 104
(6.8 × 103)

1.6 × 104
(9.9 × 103)

6.5 × 101
(2.0 × 101)

2.2 × 103
(2.9 × 102) 0

dsrB transcripts mL−1∗ 1.4 × 102
(1.5 × 102)

1.2 × 102
(7.0 × 101)

2.9 × 102
(1.8 × 102)

3.7 × 100
(1.6 × 100) 0 2.0 × 101

(9.0 × 100) 0

mcrA copies mL−1∗ 7.5 × 100
(2.5 × 100) 0 5.4 × 101

(2.7 × 101) 0 4.6 × 102
(5.2 × 100)

2.5 × 101
(4.8 × 100) 0

mcrA transcripts mL−1∗ 0 0 0 0 0 0 0
NA: data not available.
∗Figure in brackets shows standard error of mean (SEM).

container.The samples were analysed within 2 days of sampl-
ing.

2.3. Geochemistry. The geochemical data were provided by
Posiva Oy and are presented in Table 1. Measurements were
performed as described in Table 2.

2.4. Total Cell Counts. The total number of cells (TNC) was
determined by fluorescent staining with 4,6-diamidino-2-
phenylindole (DAPI) [21] with slight modifications. A 5mL
subsample of each groundwater sample was stained with
DAPI (1 𝜇gmL−1) for 20min at room temperature in the dark
and collected on black polycarbonate Isopore Membrane
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sampled for microbial analysis
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Finnish coordinate system, zone 1
24.2.2012

KR1
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Saanio and Riekkola Oy, KF

Figure 1: Map of Olkiluoto area where the different boreholes sampled in this study are indicated as open triangles. The arrows show the
direction in which the boreholes lead. The scale bar is equal to 500m.

filters (0.2 𝜇m GTBP, Millipore, Ireland) with the Millipore
1225 SamplingManifold (Millipore,USA) under low vacuum.
The filters were rinsed with 1mL filter sterilized 0.9% NaCl
prior to and after filtration. Fluorescent cells were visualized
under UV light with an epifluorescence microscope (Olym-
pus BX60, Olympus Optical Ltd., Tokyo, Japan) and 1000x
magnification. The number of cells was calculated from 30
randommicroscopy fields according to themagnification fac-
tor, filtered volume, and the surface area of the filter used [22].

2.5. Nucleic Acid Isolation. Microbial community nucleic
acids (DNA and RNA) were isolated directly from the frozen
cellulose-acetate filters with the PowerSoil DNA or Power-
Water RNA extraction kit (MoBio Laboratories, Inc., Solana
Beach, CA), respectively. Filters for DNA extraction were cut
into 2 × 2mm pieces with sterile scalpels in a laminar flow
hood before insertion into the lysis tube. Nucleic acids were
isolated according to the manufacturer’s instructions except
that for DNA extraction, the microbial cells were lysed by
bead beating with a Precellys (Bertin Technologies, France)
homogenizer for 30 s with 5 s increments at room tempera-
ture. The DNA and RNA from 500mL and 1000mL samples
were eluted in 50 𝜇L elution buffer and 100𝜇L elution buffer,
respectively.Three replicate filters were used forDNAorRNA

isolation. Negative isolation controls were performed from
clean cellulose-acetate filter units in parallel with the samples
using the same protocol and reagents as for the samples.

Residual DNA in the RNA extracts was checked by PCR
with the primers used in this study (Table 3). If no PCR
product was obtained, it was assumed that all residual DNA
was successfully removed and the RNA extract was submitted
to cDNA synthesis. If a PCR product was obtained, the
RNA extract was treated with DNase (Promega, WI, USA)
according to the manufacturer’s instructions. cDNA was
synthesized by first incubating 11.5 𝜇L aliquots of RNA extract
together with 250 ng random hexamers (Promega, WI, USA)
and 0.83mM final concentration dNTP (Finnzymes, Espoo,
Finland) at 65∘C for 5 minutes before cooling the reactions
on ice for 1 minute. The reverse transcription was then
performedwith the Superscript III kit (Invitrogen), by adding
4 𝜇L 5x First strand buffer, 40U DTT, and 200U Superscript
III to the cooled reactions. To protect the RNA from degra-
dation, 40U of recombinant RNase inhibitor, RNaseOut
(Promega,WI, USA), was used.The reactions were incubated
at 25∘C for 5 minutes, 50∘C for 1 h, and 70∘C for 15min.
Three parallel reactions were performed for each sample as
well as for the reagent controls. The parallel reactions were
subsequently pooled.
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Table 2: Geochemical analysis methods and the detection limit of each assay used in this study. The data were obtained from Posiva Oy.

Parameter Unit Method Detection limit
pH pH meter, ISO-10532
EC (mSm−1) Conductivity analyzer, SFS-EN-27888 5

NPOC (mg L−1) SFS-EN 1484
TC: 0.6
IC: 0.3 l
TOC: 0.3

TDS (mg L−1)
Alk (meq L−1) Titration with HCl 0.05
SO
4

2− (mg L−1) IC, conductivity detector 0.1
S2− (mg L−1) Spectrophotometry 0.1
NO
3

− (mg L−1) FIA method, SFS-EN ISO11905-1 0.05
NH
4

+ (mg L−1) Spectrophotometry, SFS 3032
Fe2+ (mg L−1) Spectrophotometry 0.01

Na2+ (mg L−1) 2007: FAAS, SFS3017, 3044
2008: ICP-OES

5
0.5

K+ (mg L−1) 2007: FAAS, SFS3017, 3044
2008: ICP-OES

0.31
0.5

Ca2+ (mg L−1) 2007: FAAS, SFS3017, 3044
2008: ICP-OES

0.02
0.1

Mg2+ (mg L−1) 2007: FAAS, SFS3018
2008: ICP-OES

0.15
0.02

Cl− (mg L−1) Titration 5
CH4 (mLL−1 gas) Gas chromatography 1𝜇L L−1 gas

Table 3:The primers used for amplification of different microbial groups for 454 pyrosequencing.The archaeal 16S rRNA and themcrA gene
transcripts were amplified using a nested PCR approach.

Target Primer Sequence Fragment length (gene
location) Reference

Bacteria 16S rRNA 8F∗
P2∗

5-AGAGTTTGATCCTGGCTCAG-3
5-ATTACCGCGGCTGCTGG-3

ca. 500 bp
(V1–V3)

[23]
[24]

Archaea 16S rRNA

A109f
Arch915R

5-ACKGCTCAGTAACACGT-3
5-GTGCTCCCCCGCCAATTCCT-3 ca. 800 bp [25]

[26]
ARC344f∗
Ar744r∗

5-ACGGGGCGCAGCAGGCGCGA-3
5-CCCGGGTATCTAATCC-3

ca. 430 bp
(V3-V4)

[27]
modified from [28]

Methanogens
mcrA

mcrA412f
mcr1615r

5-GAAGTHACHCCNGAAACVATCA-3
5-GGTGDCCNACGTTCATBGC-3 1.2 kb [3]

[3]
ME1∗
ME3r∗

5-GCMATGCARATHGGWATGTC-3
TGTGTGAAWCCKACDCCACC-3 330 bp [31]

modified from [31]
Sulphate reducer
dsrB

2060F∗
dsr4R∗

5-CAACATCGTYCAYACCCAGGG-3
5-GTGTAGCAGTTACCGCA-3 370 bp [29]

[30]
Primers marked with ∗ were equipped with adapter and barcode sequences at the 5 ends, except if they were used for RT-qPCR. Primers marked with § were
used in the qPCR without the adapters and barcodes.

2.6. Amplicon Library Preparation. Libraries for 454 high-
throughput (HTP) amplicon sequencing were prepared by
PCR from the cDNA samples. Bacterial 16S rRNA fragments
covering the V1–V3 variable regions were amplified with
primers 8F andP2 equippedwith adapter andMID sequences
at their 5 end in a single round PCR (Table 3) [23, 24].
Archaeal 16S rRNA fragments were produced with a nested
PCR using primers A109f and Arch915R [25, 26] for the first
round and tagged primers ARC344f and Ar744r [27, 28]
covering the V3-V4 variable areas for the second round.DsrB

fragments were amplified in a single round PCR with tagged
primers 2060F [29] and dsr4R [30]. McrA fragments were
obtained by nested PCR. Initially, a 1.2 kb mcrA fragment
was amplified with primers mcrA412f and mcr1615r [3]. The
product of this PCR was then amplified with tagged primers
ME1 and ME3r modified from [31]. PCRs were performed
with Phusion DNA polymerase (Finnzymes, Espoo, Finland)
in 1x HF buffer. Each 50 𝜇L reaction contained 0.5mM
dNTP and 1 𝜇M of primers. The PCR conditions consisted
of an initial denaturation step of 30 s at 98∘C, followed by
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35 cycles of 10 s at 98∘C, 15 s at 55∘C, 15 s at 72∘C, and a
final extension step at 72∘C for 5min. Two replicate samples
were used for each borehole depth and a minimum of two
amplification reactions were performed for each replicate
sample, whichwere subsequently pooled prior to sequencing.
All PCR reactions were also run with the negative nucleic
acid extraction and reagent controls. The sequencing was
performed at the Institute of Biotechnology, University of
Helsinki, Finland, using the FLX 454 (454 Life Sciences,
Branford, CT, USA).

2.7. Real-Time Quantitative PCR. The abundance of bacterial
dsrB and archaeal mcrA genes and transcripts was deter-
mined by qPCR with KAPA SYBR Fast 2x Master mix for
Roche LightCycler 480 (Kapa Biosystems, Inc., Boston, MA,
USA). Reactions were performed in triplicate for each sam-
ple. Each reaction contained 1 𝜇L of extracted DNA or cDNA
as template and 5 pmol of both forward and reverse primers
(Table 3). The qPCR was performed on a Roche LightCycler
480 (Roche Applied Science, Germany) on white 96-well
plates (Roche Applied Science, Germany) sealed with trans-
parent adhesive seals (4titude, UK). The qPCR conditions
consisted of an initial denaturation at 95∘C for 10 minutes
followed by 45 amplification cycles of 15 seconds at 95∘C, 30
seconds at 55∘C, and 30 seconds at 72∘C with a quantification
measurement at the end of each elongation. A final extension
step of three minutes at 72∘C was performed prior to a
melting curve analysis. The melting curve analysis consisted
of a denaturation step for 10 seconds at 95∘C followed by
an annealing step at 65∘C for one minute prior to a gradual
temperature rise to 95∘C at a rate of 0.11∘C s−1 during which
the fluorescence was continuously measured. The number
of gene and transcript copies was calculated by comparing
the amplification result (Cp) to that of a dilution series of
plasmids containing mcrA or dsrB genes ranging from 0 to
107 gene copies per reaction as described in Nyyssönen et
al. [3]. The lowest detectable standard concentration for the
dsrB qPCR was 16 dsrB gene copies/reaction. In the mcrA
qPCR assay, the lowest detectable standard had 100 mcrA
copies/reaction. Template inhibition of the qPCR was tested
by adding 2.17 × 104 plasmid copies containing fragment of
the morphine-specific Fab gene from Mus musculus gene to
reactions containing template DNA or cDNA and comparing
the result to a dilution series of the plasmid as described in [3].
The inhibition of the qPCR assay by the template DNA was
found to be low.The average Crossing point (Cp) value for the
standard sample (2.17 × 104 copies) was 28.7 (±0.4 std), while
for theDNA samples the Cpwas 28.65–28.91 (±0.03–0.28 std)
and for the cDNA samples was 28.69–28.96 (±0.02–0.23 std).
Nucleic acid extraction and reagent controls were run in all
qPCRs in parallel with the samples. Amplification in these
controls was never higher than the background obtained
from the no template controls.

2.8. Sequence Processing and Analysis. Sequence reads were
trimmed with Mothur (v 1.31.2) [32] to remove adapter,
barcode, and primer sequences and to exclude sequences
that did not meet the quality criteria (i.e., no barcode and
primer mismatches, no ambiguous nucleotides, maximum

eight nucleotide long homopolymer stretches, and defined
minimum length). The minimum length was 300 bp for
bacterial 16S rRNA and dsrB sequences and 200 bp for
archaeal 16S rRNA and mcrA sequences. The bacterial and
archaeal 16S rRNA sequences were aligned with Mothur
[32] using a Silva reference alignment [33] for bacterial
(14 956 sequences) and archaeal (2 297 sequences) 16S
rRNA gene sequences, respectively. The dsrB sequences were
aligned with Geneious Pro (v 5.6, Biomatters Ltd., New
Zealand) using a dsrABmodel alignment [34] (97 sequences).
The mcrA sequences were aligned with Mothur using a
mcrA gene sequence model alignment (this study) (213
sequences). The alignments from the amplicon libraries were
checked and manually corrected with Geneious Pro before
further analysis with Mothur.

The sequences were divided into operational taxonomic
units (OTUs) based on 97% sequence homology for the
bacterial and archaeal 16S rRNA sequences and the dsrB
sequences and 99% for the mcrA sequences. The sequencing
coverage was evaluated by rarefaction analysis and the esti-
mated species richness and diversity indices were calculated
in Mothur.

The bacterial and archaeal 16S rRNA sequences were
taxonomically classifiedwithMothurusing theGreenGenes
13 8 database [35]. The representative sequences of the
dsrB and mcrA OTUs were analysed using the Geneious
Pro (Biomatters Inc., New Zealand). The dsrB and mcrA
sequences were imported into Geneious Pro and aligned
to reference sequences and most closely matching sequences
determined against the NCBI database with blastn tool
in Geneious Pro. The alignments were performed with
Muscle [36] using default settings and the alignments
were edited manually. The mcrA and dsrB sequences were
subsequently translated to amino acid sequences before
phylogenetic analyses. Phylogenetic analyses were performed
on the alignments using PhyML [37] with the Jukes-Cantor
(JC69) [38] substitutionmodel for nucleic acid sequences and
theWhelan-Goldman substitutionmodel [39] for amino acid
sequences. Bootstrap support for nodes was calculated based
on 1000 random repeats.

For comparable 𝛼- and 𝛽-diversity analyses the data sets
were normalized by random subsampling according to the
sample with the lowest number of sequence reads, that is,
1200, 893, 2249, and 2324 sequences for archaea, bacteria,
dsrB, andmcrA, respectively.

The sequences have been submitted to the Euro-
pean Nucleotide Archive (ENA, https://www.ebi.ac.uk/ena/)
under accession numbers ERS514153–ERS514176.

2.9. Statistical Analyses. Statistical analyses were calculated
with PAST v. 3.0 [40] in order to determine which of
these parameters correlated most strongly with the detected
taxa. The Shapiro-Wilk test [41] and Anderson-Darling test
[42] were performed to analyze the normal distribution of
the geochemical parameters. For sample parameters with
𝑃 < 0.05 normal distribution were rejected and these para-
meters were excluded from the correlation calculations.
The excluded parameters were DIC, bicarbonate, alkalinity,
sulphate, Stot, Ntot, Fe(II), Ftot, Sr, 16S rRNA gene copies
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mL−1, and dsrB transcripts mL−1 and mcrA genes mL−1.
Pearson’s linear 𝑟 correlation between presence and absence
of different taxa in correlation to the geochemical parameters
was calculated with PAST.

3. Results and Discussion

The crystalline bedrock of Olkiluoto has been chosen to
host the deep geological repository for spent nuclear fuel
in Finland. The spent nuclear fuel will be stored in copper
canisters with nodular cast iron insert at 450m depth and
isolated from the bedrock by bentonite clay. Groundwater
salinity and carbon content at different depths as well as the
increase in the amount of CH

4
and H

2
S and decrease in

the amount of SO
4

2− at specific depths suggest the existence
of a broad sulphate-methane mixing zone (SMMZ) in the
groundwater at approximately 250–350mbgsl depth [2]. At
corresponding sulphate-methane transition zones (SMTZ)
in marine sediments both the microbial activity and the
diversity of the microbial communities increase dramatically
[9, 43]. If the same kind of intensified activity occurs in
groundwater SMMZs an increased risk may arise for, for
example, microbially induced sulphate reduction aided cor-
rosion of the waste capsules, release of radioactive waste, and
mobilization of radionuclides.

In this study, we investigated the transcriptionally active
microbial communities of the deep methane-rich groundwa-
ter spanning the depth of the future spent nuclear fuel repos-
itory. Triplicate groundwater samples from depths between
296 and 798mbgsl from seven different boreholes in Olkilu-
oto were collected in order to characterize the active micro-
bial communities around the depth of the planned repository
(Table 1, Figure 1). The samples represented brackish SO

4

2−

rich water and saline methane-rich water (as classified in
[2]). The carbonate content in the groundwater generally
decreased with depth whereas in deeper water the concen-
tration of methane increased from almost none at 296m to
more than 900mLL−1 gas at 800mbgsl.The concentration of
SO
4

2− was highest (379mg L−1 groundwater) in the sample
from 328mbgsl and decreased radically with depth. The
H
2
S concentration was also highest at 296–347mbgsl and

decreased with depth.
The TNC mL−1 groundwater varied between 4.2 ×

105mL−1 at 296m and 1.5 × 104mL−1 at 415mbgsl with a
general decline with depth (Table 1). HTP sequencing of bac-
terial and archaeal 16S rRNAwith 454 technologies identified
a total of 95 bacterial families and 27 archaeal families in the
seven analyzed samples (Figures 2 and 3). The rarefaction
analyses showed that the bacterial and archaeal communities
were well characterized from 415 to 572mbgsl (Figure 4).
In the remaining samples, between 16 and 52% of the
estimated bacterial and archaeal OTU richness was captured
by sequencing.

dsrB gene transcripts were obtained from sequencing
from depths between 296mbgsl and 572mbgsl, but not from
the deepest sample from 798mbgsl. The dsrB sequences
belonged to six different SRB families and 14 genera (Figures
5 and 6).The dsrB transcript diversity was well covered show-
ing between 81 and 98%of the estimatedChao1OTU richness

obtained. Transcripts of the mcrA genes were obtained for
454 sequencing with nested PCR amplification from four
different depths, 328m, 347m, 572m, and 798mbgsl (Figure
7). The mcrA transcripts belonged to four methanogenic
genera (Figure 8) that covered the Chao1 estimation of the
totalmcrA diversity.

Diversity of the activemicrobial communities was highest
at sampling depths between 296 and 347mbgsl, that is, in the
SMMZ. At this depth, both bacterial diversity (𝐻 = 1.8,
normalized to equal number of sequence reads/sample) and
SRB (𝐻 = 2.29 and 2.65) diversity were the highest (Table
4). The highest archaeal diversity (𝐻 = 1.91), in contrast,
was seen in the lowest boundaries of the SMMZ at 347mbgsl.
The diversity of themethanogenic communities was low in all
samples from which sequences were obtained by nested PCR
(𝐻 = 0.42–0.76).

3.1. Sulphate-Methane Mixing Zone (SMMZ). The structure
of the active bacterial communities was similar between
samples derived from similar depth of the different boreholes
but changedwith greater depth intervals (Figure 2). Sampling
depths between 296 and 347mbgsl contain the most H

2
S

and SO
4

2− rich water in this study and are influenced by
a fraction of the methane-rich groundwater from deeper
groundwater layers. Here, the most abundant bacterial group
was 𝜀-proteobacteria of the Helicobacteraceae family mostly
belonging to the Sulfurimonas. This group formed 54–95%
of the active bacterial communities as determined by the
total number of sequences. 𝜀-proteobacteria are believed to
be enriched in the vicinity of SMTZs in marine sediments
[44] and many are mesophilic, H

2
- and sulphur-oxidizing

chemolithoautotrophs [44–46]. They may play a profound
role in recyclingH

2
S to SO

4

2− and are also a significant group
in SMMZ microbial communities [10] where they fix CO

2
at

the expense of sulphides and other electron donors. By fixing
CO
2
, theymay account for a significant amount of assimilated

carbon compounds available to microbial communities in
deep subsurface environments [47].The second largest group
at 296–347mbgsl was Desulfobacterales 𝛿-proteobacteria
forming 2–29% of the active community based on 16S rRNA
(Figure 2). This is in accordance with the detection of the
dsrB gene transcripts similar to uncultured group 1 Desul-
fobulbaceae of the Desulfobacterales family at this depth.
These dsrB transcripts formed more than 69% of the dsrB
transcripts at 296mbgsl and showed a positive and significant
correlation (>0.8, 𝑃 < 0.01) with pH between 7.9 and 8.1.
At 328mbgsl, dsrB transcripts of the genera Desulfotignum
and undefinedDesulfosarcina of the Desulfobacteraceae were
the most common.The amount of dsrB genes varied between
0.5 and 3.1 × 104 copiesmL−1 at 296–374mbgsl. In addi-
tion, the highest transcriptional activity of the dsrB genes,
1.2–2.9 × 102 transcriptsmL−1, was detected here, coincid-
ing with the highest sulphate and sulphide concentrations
and the lowest methane concentrations measured in this
study.

At 296–347mbgsl, a minor portion of the bacterial com-
munity belonged to methylotrophic 𝛽-proteobacteria and
Verrucomicrobia, which may be capable of methane oxida-
tion in the SMMZ (Figure 2). However, amore likely scenario
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for methane oxidation is the AOM process performed by
archaeal ANME linages. Nyyssönen et al. [3] reported puta-
tive ANME-1 mcrA genes from the 300 to 400mbgsl in
Olkiluoto. In the present study, the active archaeal communi-
ties detected in the SMMZ mainly consisted of GOM Arc I
Methanosarcinales (Figure 3), which also are known as the
ANME-2D.ANME-2D archaea have been shown to indepen-
dently perform nitrate mediated AOM without the need for
a bacterial partner [48]. This is in agreement with the mcrA
gene transcripts detected at this depth, which mostly (55–
100%) belonged to Methanosarcinales groups.

At the lower boundaries of the SMMZ at 347mbgs,
the active SRB community changed and the dsrB gene
transcript pool was dominated by transcripts belonging to
an uncultured Desulfobacteraceae group of SRBmost closely
related toDesulfobacter (86.5%), overlapping the distribution
of ANME-1 in Olkiluoto. Desulfosarcina dsrB transcripts
were found only at low abundance but were most numer-
ous at 296–328mbgsl. Together with the Desulfobacter the
Desulfosarcina also belongs to the Desulfobacteraceae. These
Desulfosarcina have been reported to form AOM consortia
withANME-1 andANME-2 archaea [49], whichmay indicate
that these associations also occur in Olkiluoto groundwater
SMMZ.

3.2. Methane-Rich Groundwater. Below the SMMZ, at 415–
572mbgsl, the sulphate concentration in the groundwa-
ter is greatly reduced, the groundwater salinity increased,
and the methane concentration is high. At this depth, 𝛾-
proteobacteria most similar to Pseudomonas species dom-
inated (41–94%) the active bacterial communities. These
bacteria may be the major CO

2
-fixing bacteria in Olkiluoto

deep methane rich groundwater, as they have been shown to
be in the Baltic Sea [50].

A peak in the bacterial diversity was seen at 559mbgsl
in the methane-rich groundwater. Several SMTZ signature
groups were detected at this depth including putatively
methylotrophic 𝛼- and 𝛾-proteobacteria, 𝛽-proteobacteria,
𝛿-proteobacterial SRB, JS1, Actinomycetes, Planctomycetes,
and Chloroflexi. 𝛽-proteobacteria belonging to the Burkhol-
deriales, for example, are believed to be the sole bacterial
partner performing nitrification in the AOM association
with ANME-2c archaea [51]. 𝛽-proteobacterial families Sph-
ingomonadaceae and Comamonadaceae were detected as
minority (<3.5%) at all depths. 𝛽-proteobacteria were amajor
group only at 559mbgsl where Acidovorax sp. (Comamon-
adaceae) contributed almost 15% of the active community
and correlated positively and significantly with the highest
pH measured in the present study. A low abundance (<1%)
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Figure 4: Rarefaction curves of the sequence data obtained from eachRNAextract normalized to equal number of sequence reads per sample:
(a) bacterial 16S rRNA, (b) archaeal 16S rRNA, (c) dsrB transcripts, and (d) mcrA transcripts. The 𝑥-axis displays the number of sequence
reads and the 𝑦-axis displays the number of different OTUs obtained. Figures (a)–(c) present rarefaction values at the distance 0.03 and (d)
rarefaction for distance 0.01.

of methanotrophic 𝛼-proteobacterial Methylobacteriaceae
(Methylobacter sp. and Methylocystis sp.) correlating signif-
icantly with depth and salinity were found at this depth.
Similar methanotrophs have readily been isolated from
anaerobic methane-rich deep subsurface environments, such
as terrestrial mud volcanoes [52]. Wrede et al. [52] suggested
that aerobic methane oxidation could be activated whenever
oxygen was available and thereby keep the subsurface ecosys-
tem anaerobic.

MethylotrophicMethermicoccaceae and SAGMEGTher-
moplasmata were the most abundant archaea at 415mbgsl
(50.5% and 29.8%, resp.). Hydrogenotrophic Methanobac-
teriaceae, which correlated with the highest pH, were the

most abundant archaea at 559mbgsl (80.3%) and terrestrial
miscellaneous group (TMG)Thermoplasmatales at 572mbgsl
(69.9%). Nevertheless, the mcrA transcripts at 572mbgsl
mostly (75%) belonged to Methanobacteriales methanogens.
ANME-1 archaea were found in the methane-rich ground-
water at 415 and 559mbgsl (4.1% and 1.0%, resp.) and cor-
related positively although not significantly with the highest
pH values measured in this study. ANME-1 archaea were
most abundant at depths where the GoM Arch I/ANME-2D
archaea weremainly absent. Recent research shows that some
ANME groups are capable of performing sulphate mediated
AOM on their own [53], where they form S

2
by a so far

unknown sulphate reduction process. The SO
4

2−-mediated



BioMed Research International 11

D
es

ul
fo

vi
br

io
na

le
s

Cl
os

tr
id

ia
le

s

Th
er

m
oa

na
er

ob
ia

le
s

D
es

ul
fo

m
ic

ro
bi

ac
ea

e

Pe
pt

oc
oc

ca
ce

ae

Th
er

m
od

es
ul

fo
bi

ac
ea

e

D
es

ul
fo

tig
nu

m

D
es

ul
fo

ba
ct

er

D
es

ul
fo

fa
ba

D
es

ul
fa

tib
ac

ill
um

D
es

ul
fo

sa
rc

in
a

U
nd

efi
ne

d 
D

es
ul

fo
sa

rs
in

a

U
nc

la
ss

ifi
ed

 1
 

D
es

ul
fo

ta
le

a

D
es

ul
fo

bu
lb

us

U
nc

la
ss

ifi
ed

 2

D
es

ul
fo

m
ic

ro
bi

um

D
es

ul
fo

to
m

ac
ul

um

U
nc

ul
tu

re
d

5.
55

11
.1

4

0.
88

0.
92

3.
70

1.
32

69
.1

0

0.
18

0.
22

6.
51

0.
48

39
.9

6

1.
50

0.
04

0.
66

1.
06

42
.3

0

10
.3

4

0.
62

0.
13

3.
26 0.
04

0.
09

0.
44

86
.5

8

0.
48

0.
22

0.
35

4.
31

6.
21

0.
09

0.
09

0.
26 0.
31

0.
09

0.
57

0.
35

0.
92

0.
09

0.
35

7.
13

0.
57

0.
18

0.
40

89
.8

8

0.
13

0.
22

6.
16 0.
31

76
.8

0

0.
35

1.
72

13
.6

4

0.
79

15
.2

3

0.
48

32
.8

3

0.
09

1.
45

28
.9

6

0.
09

19
.8

5

0.
92

0.
09

Deltaproteobacteria Clostridia

U
nc

la
ss

ifi
ed

Desulfobacterales

Desulfobacteraceae Desulfobulbaceae

296m

328m

347m

415m

559m

572m

Figure 5: The relative distribution of dsrB transcript sequence reads belonging to specific SRB families according to the phylogenetic
identification of the sequences presented in Figure 6.The relative abundance of sequence reads and the clustering of the samples are presented
as described in Figure 2. The data were normalized between the different samples to include 2249 random sequence reads from each sample.

AOM performed by the ANME-1 could dominate specifi-
cally at 415–559mbgsl, where the concentration of methane
increases dramatically. Our results are similar to those of
Pedersen [54], who suggested that a sulphate mediated AOM
process coupled to sulphate reductionmay occur inOlkiluoto
groundwater at the SMMZ depth, although they did not
obtain conclusive evidence for this process.

In the methane-rich water, the methanogens and SRB
were clearly enriched at different depths. At 559mbgsl where
the highest number of mcrA genes (4.6 × 102 copiesmL−1)
was detected the number of dsrB genes was only 6.5 ×
101 copiesmL−1 and no dsrB transcripts could be detected
by qPCR. DsrB genes in contrast were abundant above
(1.6 × 104 copiesmL−1 at 415mbgsl) and below (2.2 × 103
dsrB copiesmL−1 at 572mbgsl) this depth although the sul-
phate concentration in the water was only 0.5–1.4mg L−1.The
reason for the higher amount of dsrB gene copies mL−1 in the
sulphate poor water may be that the SRB live by fermentation
instead of sulphate reduction. For example, Desulfobulbus
and Desulfotomaculum species have been shown to reduce
Fe(III) during fermentation of pyruvate [55, 56]. Both of

these sulphate reducers were abundant in the methane rich
and sulphate poor groundwater. At 415mbgsl Desulfotomac-
ulum dsrB gene transcripts were the most abundant (89.9%)
while Desulfobulbaceae family 1 of the Desulfobacterales
dominated (76%) at 559mbgsl and showed positive and
significant correlation with pH the highest groundwater pH.
The most even distribution of dsrB gene transcripts was seen
at 572mbgsl, where Desulfatibacillum (>32%), Desulfomicro-
bium (>19%), and uncultured Desulfobulbaceae (uncultured
1) (>28%) dominated the SRB communities. Firmicutes dsrB
gene transcripts other than those belonging to Desulfo-
tomaculum were detected only at <1% relative abundance at
328mbgsl and were present at 296–415mbgsl and 572mbgsl
(Figure 6). These dsrB sequences all belonged to Thermod-
esulfovibrio species previously found in soil environments.

3.3. Deep Methane-Rich Groundwater. At 798mbgsl, the
groundwater is highly saline with over 53 g dissolved solids
L−1 and a high concentration ofmethane.Themicrobial com-
munity at this depth was clearly different from those at the
other depths. However, the bacterial diversity at this depth
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Figure 6: The phylogenetic distribution of the amino acid sequences of the OTUs of dsrB transcripts detected in this study presented as
a maximum likelihood tree. The sequences detected in this study are shown in red. Bootstrap support for nodes was calculated with 1000
random repeats and nodes with more than 50% support are indicated. Sequences detected in this study are shown in red.The sequence name
codes consist of the sequence IDENTIFIER and the OTU number|the number of sequence reads in that OTU followed by the depths from
which this OTU has been detected.

was surprisingly high. The most common bacterial groups
were the Bacillales and Actinobacteria, which significantly
increased with increasing depth and salinity throughout
the studied depth profile and formed 46% and 18% of the
active bacterial community. Archaeal diversity was low, and

the archaeal community consisted mainly of GOM Arc I
Methanosarcinales/ANME-2D (67%) and TMG archaea
(32.9%) (Figure 3). No dsrB or mcrA genes or transcripts
were detected by qPCR despite the relatively high microbial
density, 2.3 × 104 cellsmL−1. In accordance, no dsrB
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Figure 7: The relative distribution of mcrA transcript sequence reads belonging to specific methanogenic archaeal families based on the
phylogenetic identification of themcrA reads as presented in Figure 8.The relative abundances of sequence reads are highlighted as described
in Figure 2. The data was normalized between the different samples to include 2324 random sequence reads from each sample.

transcripts were obtained for 454 sequencing either. mcrA
transcripts were obtained by the nested PCR approach only,
and all sequences belonged to Methanosarcinales methano-
gens. The coappearance of these mcrA transcripts together
with the high relative abundance of GOM Arc I Methano-
sarcinales/ANME-2D archaea indicates active methane
cycling activity of GOM Arc I Methanosarcinales/ANME-
2D archaea at this depth.

4. Conclusions

We observed a clear change in the active microbial com-
munity composition at the sulphate-methane interface and
the methane-rich groundwater in Olkiluoto. Several SMTZ
signature groups were detected, as well as a high diversity of
active microorganisms. We found a characteristic increase in
the transcription of the dsrB gene in the sulphate reducing
and putative AOM zone between 296 and 347mbgsl, coin-
cidingwithmcrA transcripts ofmethylotrophicmethanogens
that possibly belong to the ANME-2D. Inmethane-richwater
between 415m and 559mbgsl the ANME-2D were few or
absent, while ANME-1 archaea appeared. mcrA transcripts
from an uncultured group of Methanosarcinales archaea
cooccurred with the ANME-2D archaea, but whether they
produce or oxidize methane using the reverse methanogene-
sis pathway is not known.

Overall the active microbial communities in Olkiluoto
deep groundwater are diverse and SRB and methanogens
are not the only microbial groups to have an influence
on hydrogeochemical conditions and to further be taken
into account in the safety case of the disposal of spent
nuclear fuel. AOM may also be mediated by means other
than sulphate or nitrate reduction by different bacterial
groups. The great abundance of bacterial and archaeal taxa
generally not involved in methane production or oxidation,
or nitrate or sulphate reduction, also indicate that the main
energy converting metabolic pathways may, in the absence of
oxygen, be fermentation of organic molecules.
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MOBOcr43012, marine subsurface sediment, Marennes-Oleron Bay, AM942080

0.1

Methanomicrobiales

Methanosarcinales

Methanobacteriales

Methanococcales

Methanopyrales

GJVT7LS01A0JZU 8|57|572M
GJVT7LS01BA2X1 2|4606|572M

Methanobacterium subterramaeum, ̈Aspö deep groundwater, Sweden

GIB3I4J01EGHZT 4|468|347M

GJVT7LS03C05X4 6|63|330M
GJVT7LS03C8MF9 7|43|330M

GIB3I4J02H2VGS 3|3679|347M

GJVT7LS03DGMFQ 1|7609|572M-798M-330M

GJVT7LS03C1IIO 9|20|572M-798M-330M
GJVT7LS03C4OTT 5|693|572M-798M-330M

Figure 8:Thephylogenetic distribution of the amino acid sequences of theOTUsofmcrA transcripts obtained detected in this study presented
as a maximum likelihood tree. The sequences detected in this study are shown in red. Bootstrap support for nodes was calculated with 1000
random repeats and nodes with more than 50% support are indicated. The sequence codes are as described in Figure 6.
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Table 4: The number of sequence reads, the observed and estimated number of OTUs, diversity coverage, and diversity index (𝐻) obtained
by the HTP sequencing of bacterial and archaeal 16S rRNA and dsrB and mcrA transcripts. The diversity and OTU richness estimates were
calculated based on equal number of sequence reads.

296m 328m 347m 415m 559m 572m 798m

Bacteria 16S

Number of reads 1220 893 9209 18425 17158 5377 996
Observed OTUs 45 46 35 63 83 169 49
Estimated richness
Chao 161 294 73 126 161 367 104
Ace 412 355 111 219 355 587 139

Coverage % chao 28 16 48 50 56 46 47
∗

𝐻

 1.67 1.25 0.15 0.44 1.79 0.17 1.43

Archaea 16S

Number of reads 6322 12785 1377 2122 1223 1655 3277
Observed OTUs 139 67 32 45 26 26 6
Estimated richness
Chao 249 137 47 46 46 28 7
Ace 382 210 81 60 75 30 16

Coverage % chao 56 49 68 98 57 93 86
∗

𝐻

 1.06 0.81 1.91 1.23 0.80 1.04 0.83

dsrB

Number of reads 8131 4144 12649 8628 2360 2249 —
Observed OTUs 33 41 47 50 13 26
Estimated richness
Chao 38 42 51 60 16 31
Ace 39 45 52 63 38 49

Coverage % chao 86.8 97.6 92.2 83.3 81.3 83.9
∗

𝐻

 2.29 2.65 0.69 1.03 1.93 1.81

mcrA

Number of reads — 4188 4184 — — 6676 2324
Observed OTUs 4 2 2 1
Estimated richness
Chao 4 2 2 1
Ace 5 0 0 0

Coverage % chao 100 100 100 100
∗

𝐻

 0.45 0.42 0.76 0.43
∗Normalized according to sample with the lowest number of reads.
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Identification of anaerobic ammonium oxidizing (anammox) bacteria by molecular tools aimed at the evaluation of bacterial
diversity in autotrophic nitrogen removal systems is limited by the difficulty to design universal primers for theBacteria domain able
to amplify the anammox 16S rRNA genes. Ametagenomic analysis (pyrosequencing) of total bacterial diversity including anammox
population in five autotrophic nitrogen removal technologies, two bench-scale models (MBR and Low Temperature CANON) and
three full-scale bioreactors (anammox, CANON, and DEMON), was successfully carried out by optimization of primer selection
and PCR conditions (annealing temperature). The universal primer 530F was identified as the best candidate for total bacteria and
anammox bacteria diversity coverage. Salt-adjusted optimum annealing temperature of primer 530F was calculated (47∘C) and
hence a range of annealing temperatures of 44–49∘C was tested. Pyrosequencing data showed that annealing temperature of 45∘C
yielded the best results in terms of species richness and diversity for all bioreactors analyzed.

1. Introduction

Anaerobic ammonium oxidizing (anammox) bacteria belong
to theCandidatusBrocadiales order first described in 1999 [1].
Their ability to perform anaerobic ammonium oxidation has
attracted the attention of many researchers due to the change
itmade for the understanding of the nitrogen cycle.They have
been found as important bacteria for the ecology of nitrogen
in oceanic environments [2–4] and have been proposed to
play an important role in the nitrogen cycle at global scale
[2]. Anammox bacteria have been identified in many natural
and engineered environments such as marine sediments,
agricultural soils, or wastewater treatment plants [5–7]. In
addition, anammox bacteria are the basis for promising
technologies aimed at removing nitrogen from wastewater.

The autotrophic, anaerobic ammonium oxidation has been
utilized for the set-up of several technologies for nitrogen
removal, such as partial nitritation/anammox, DEMON,
OLAND, or CANON [8]. Autotrophic nitrogen removal
technologies account for several advantages over traditional
total nitrification-denitrification processes, such as the lesser
bioreactor volume required, lower biomass production, or
saving costs in aeration and carbon source requirements [9–
11]. Thus, anammox bacteria have become of relevance in
both natural and engineered systems, and more research
about the ecology of the ecosystems where they develop is
expected in the following years.

PCR-based molecular biology techniques such as
qPCR quantification and high-throughput pyrosequencing
are powerful tools for the estimation of the abundance
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and diversity of microorganisms in natural and engineered
ecosystems [12, 13]. Most frequently, anammox-specific
primers have been applied for PCR-based evaluation of the
occurrence and diversity of these organisms [12, 14–18].
The reason under this common practice is that universal
primers targeting the whole Bacteria domain tend to amplify
poorly the 16S rRNA gene of anammox due to their not very
high identity (<87.1%) [19, 20]. In this sense, when universal
primers are used PCR amplification of some anammox
phylotypes might be missing, with the consequent loss of
fundamental information on the microbial diversity of the
system. Nevertheless, the use of anammox-specific primers
is not sufficient for a complete understanding of microbial
ecosystems, given that other bacteria are not taken into
account.

In this research, several universal primers and anneal-
ing temperature conditions for PCR amplification were
tested in order to achieve the best combination possible
for its use on the metagenomic analysis of ecosystems,
such as autotrophic nitrogen removal bioreactors. After an
in silico testing, a universal primer was selected for the
best coverage of 16S rRNA genes of the domain Bacteria
including anammox (Planctomycetes). Using this primer,
bacterial diversity in samples from five different lab-scale
and full-scale autotrophic nitrogen removal bioreactors (see
Table S1 in Supplementary Materials available online at
http://dx.doi.org/10.1155/2015/892013)were analyzed by high-
throughput pyrosequencing, using six different annealing
temperatures. Based on the results obtained, a robust method
for the evaluation of the bacterial diversity in ecosystems
where anammox bacteria are of importance is proposed.

2. Materials and Methods

2.1. Bioreactors. Five different autotrophic nitrogen removal
bioreactors which represent the main existing anammox
technologies were sampled in the analysis (Table S1). Two
of them were bench-scale models and the other three were
full-scale plant bioreactors.The bench-scale models analyzed
in the study were named Lab MBR and Low Temperature
CANON. Lab MBR is a membrane bioreactor (MBR) anam-
mox system and Low Temperature CANON is a CANON
system operated at 15∘C. Both bioreactors were built in
Netherlands in 2010 and 2009, respectively, and were fed
synthetic wastewater.

The full-scale bioreactors sampled in the study were
located at three cities in Netherlands, Apeldoorn, Olburgen,
and Rotterdam, and were named A, N, and R, respectively.
Bioreactor A is a DEMON system built in 2010 which
treats reject water from anaerobic digester. Bioreactor N is
a CANON process treating sewage from a potato processing
factory built in 2009. Bioreactor R is the anammox reactor
in a two-step anammox plant constructed in 2002 and treats
reject water from anaerobic digester.

2.2. Sampling. Five samples (200mL) were taken from five
evenly distributed points within each bioreactor volume.
The procedures for sampling and pretreatment for DNA

extraction followed those described by Ni et al. [16]. Biomass
was separated from the collected wastewater by centrifuga-
tion at 3500 rpm for 10 minutes at room temperature in a
Kokusan H-103N series apparatus (Kokusan Enshinki Co.,
Ltd., Tokyo, Japan). Pelleted biomass was stored at −20∘C
before DNA extraction.

2.3. In Silico Primer Evaluation. The primer pair 530F
(5-GTGCCAGCMGCNGCGG)-1100R (5-GGGTTNCGN-
TCGTTG), described by Dowd et al. [21], was selected after
an in silico analysis of several universal primers targeting
the 16S rRNA gene and commonly used in earlier liter-
ature. The primers were tested by correlating the acces-
sion numbers of the matching sequences, using the Probe
Match function of the Ribosomal Data Project (RDP)
(http://rdp.cme.msu.edu/probematch/search.jsp) (see Sup-
plementary Material). Moreover, to double check the per-
formance of the selected primer set over the Planctomycetes
phylum, an extra in silico analysis study using the SiLVA
Test Probe tool was done (http://www.arb-silva.de/search/
testprobe).

2.4. In Silico Calculation of Optimum Annealing Temperature.
Calculation of optimum annealing temperature for primer
530F was done following the expression for the optimum
salt-adjusted annealing temperature of a primer developed
by Rychlik et al. [22–25]. For calculation purposes, combined
concentration of Na+ and K+ was taken as 50mM.

2.5. DNA Extraction, PCR Amplification, and Pyrosequencing.
300mg of pelleted biomass for each centrifuged sample was
used forDNAextraction using the FastDNASPINKit for Soil
and the Fast-Prep24 apparatus (MP Biomedicals, Solon, OH,
USA) following the instructions given by the manufacturer.
DNA extracts from samples collected in the same bioreactor
were merged into a pool. The DNA pool of each bioreactor
was divided into 6 subsamples with equal volume for further
pyrosequencing analysis.

The primer pair 530F-1100R [21] was used to amplify
500 bp of the 16S rRNA gene of Bacteria, encompassing
the V4-V5-V6 hypervariable regions. Research and Testing
Laboratory (Lubbock, Texas, USA) proceeded with pyrose-
quencing following the procedure described by Dowd et al.,
2008 [21], using the Roche 454 GS-FLX+ apparatus. Ampli-
fication of the six subsamples within the same bioreactor
DNA pool was assayed under the same PCR conditions but
at different annealing temperatures (44 to 49∘C), yielding
a total of 30 different pyrosequencing datasets in the five
different technologies. In this sense the PCR conditions for
pyrosequencing were the following: preheating step at 94∘C
for 3 minutes; 32 cycles at 94∘C for 30 seconds, 44–49∘C for
40 seconds, and 72∘C for 1 minute; elongation at 72∘C for 5
minutes.

2.6. Pyrosequencing Postrun Analysis. Elimination of poor-
quality end reads from pyrosequencing raw data was done
by quality trimming based on quality scores. USEARCH
[26] was then used to generate seed sequences to which
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quality trimmed reads were clustered within a 4% diver-
gence threshold. This procedure eliminates sequences that
fail to encounter similar enough reads. Chimera detection
was developed using the de novo method implemented in
UCHIIME [27] over clustered quality trimmed sequences
collected during the previous step. Denoising was then
conducted for elimination of bad sequences and correction
of base pair errors. Following denoising, a quality control
screening was conducted. Quality criteria taken were the
following: (1) failed sequence reads, (2) sequences with low
quality tags, and (3) sequences that are shorter than half the
expected amplicon length or 250 bp, whichever the shortest.
Sequences that could not meet the defined quality criteria
were eliminated. Reads that passed the quality screening
control were then clustered for phylogenetic identification
into 0% divergence using USEARCH [26]. The Kraken
BLAST software (http://ccb.jhu.edu/software/kraken/) [28]
was utilized to provide a seed sequence for each phylogenetic
identification cluster from a high-quality database derived
from the NCBI GenBank database. Based on BLASTN+
identity, sequences were affiliated to distinct taxonomic levels
as follows: (1) at OTU level if divergence was less than 3%,
(2) at genus level if divergence was in the range 3–5%, (3)
at family level if divergence was 5–10%, (4) at order level if
divergence was 10–15%, (5) at class level if divergence was
15–20%, and (6) at phylum level if divergence was 20–23%.
Sequences that did not encounter queried sequences with less
than 23% divergence were discarded.

2.7. Rarefaction Curves. Rarefaction curves for each sample
were calculated using the aRarefactWin software devel-
oped by S. Holland (University of Georgia, Athens; http://
strata.uga.edu/software/). For the purpose of microbial com-
munity analysis, rarefaction curves of samples belonging to
the same bioreactor were interpolated to the lowest reads
count among all of them and extrapolated to the highest
reads count among all of them. Extrapolation of rarefaction
curves was done following themathematicalmodel described
in Colwell et al. [29].

2.8. Heat Maps. For each bioreactor, a heat map was gener-
ated defining the differences of community structure on the
basis of the annealing temperatures selected for PCR. The
heat maps were based on the relative abundance of OTUs >
1% relative abundance.

2.9. Cluster Analysis (CA). Three different types of cluster
analysis (CA) were performed over the samples: “analysis A”
including all OTUs and using a non-phylogeny-dependent
method; “analysis B” including only OTUs with >1% relative
abundance and using a non-phylogeny-dependent method;
and “analysis C” including only OTUs with >1% relative
abundance and using a phylogeny-dependent method. Non-
phylogeny-dependent A and B analysis were based on
Bray-Curtis dissimilarity and carried out with the Vegan
package v.2.0 implemented on the statistical software R-
Project v.2.15.1 [30]. The software Fast UniFrac [31] was
utilized for the phylogeny-dependent C analysis, following

instructions given by the developers in the software tutorial
(http://unifrac.colorado.edu/). For this purpose, reference
trees were constructed for each bioreactor, using the MEGA
6.0 software [32]. Relative abundances of each of the OTUs
were used as weight for the analysis.

2.10. Principal Coordinates Analysis (PCoA). Principal coor-
dinates analysis (PCoA) of samples coming from the same
bioreactor was done based on a phylogeny-dependent
method. OTUswith relative abundance>1%were selected for
the study. For each bioreactor, a reference tree with selected
OTUs was constructed using MEGA 6.0 software. Utilizing
reference trees, phylogeny-based PCoA was conducted using
Fast UniFrac software [31], following the instructions given in
the software tutorial (http://unifrac.colorado.edu/).

2.11. Hill Diversity Indices. Hill diversity indices of order 1
(Shannon index) and order 2 (Simpson index) were cal-
culated for each sample using the Vegan package v.2.0
implemented on the statistical softwareR-Project v.2.15.1 [30].

3. Results and Discussion

3.1. In Silico Primer Evaluation. The design of a primer that
covers all species within the domain Bacteria is impossible
[33]. Therefore, when a primer is chosen for a bacterial
community analysis, one has to accept that no total coverage
could be found. For this reason, potential coverage of a
primer is of primary importance in order to decide the best
option for the analysis of microbial ecology of a natural
ecosystem. Results of the in silico search for coverage of
bacterial species of nine widely used universal primers within
the RDP database are displayed in Table 1. Only results for the
phylum Planctomycetes and the complete Bacteria domain
are shown. Results for all other phyla can be seen in Table
S2. The results of the in silico analysis showed that primer
530F offered the best coverage of species for both the Bacteria
domain and the phylum Planctomycetes. Primer 530F was
able to discern 76.01% of the total bacterial species known
to date. The closest follower was primer 519R, with 8% less
total coverage. With regard to Planctomycetes, primer 530F
covered 75.58% of species belonging to this group, while the
second best (910R) covered 53.70%.

Coverage of all phylotypes of anammox bacteria has been
reported as very difficult if a universal primer is utilized
[19, 20]. In silico analysis of the coverage of all Candidatus
Brocadiales microorganisms by primer 530F within the
SiLVA database is summarized in Table S3. We found that
primer 530F targeted the 16S rRNA genes of all the anammox
Candidatus species known to date yielding a minimum of
90% perfect matches to sequences filed in the database.Thus,
it can be stated that primer 530F is the best option for
the metagenomic analysis of autotrophic nitrogen removal
bioreactors.

For the purposes of pyrosequencing, reverse primer
1100R was taken, following the literature that has utilized
primer 530F for pyrosequencing analysis [21].



4 BioMed Research International

Table 1: In silico evaluation of primer coverage of species in the Bacteria domain and Planctomycetes specific.

Phylum 27F 519R 530F 787R 910R 1064R 1392R 1492R
Planctomycetes 17.82% 23.89% 75.58% 6.17% 53.70% 39.88% 33.25% 6.59%
Total 11.58% 68.47% 76.01% 59.45% 56.53% 54.52% 22.08% 4.08%

3.2. In Silico Optimum Annealing Temperature Calculation.
Following the expression given by Rychlik et al. [22] for
the salt-adjusted optimum melting temperature of primer
530F with combined N+ and K+ concentration of 50mM, as
utilized by other authors [23–25], optimum melting temper-
ature for primer 530F was 47∘C. For the testing of different
annealing temperatures an interval around optimum anneal-
ing temperature calculated was covered, ranging from 44∘C
to 49∘C.

3.3. Rarefaction Curves. For each bioreactor, original rarefac-
tion curves, interpolated ones to lowest number of reads
within samples, and extrapolated ones to the highest number
of reads within samples were generated and are shown in
Figure S1. It can be seen that annealing temperatures of
44∘C offer lower species richness than all the other annealing
temperatures tested.

3.4. Diversity and Relative Abundance of Bacterial Species.
Heat maps were generated for each bioreactor taking into
account only the OTUs with >0.1% relative abundance as
shown in Figures 1 and 2. Annealing temperature of 44∘C
showed a pattern that differed from those generated at
all other temperatures in all bioreactors. Interestingly, at
44∘C bacteria belonging to the Candidatus Brocadiales order
(Candidatus Brocadia anammoxidans, Brocadia fulgida, and
Brocadia sp.) showed a much lower relative abundance than
that at all the other annealing temperatures tested for every
bioreactor. Particularly, for the Lab MBR bioreactor, which
stands as a highly enriched (>90%) [34] culture of Brocadi-
ales, the relative abundance found was 1.27% when 44∘C was
the annealing temperature, while at the other temperatures
assayed it fell in the 75–86% range.

Amplification of partial 16S rRNA genes of bacteria
other than anammox was also influenced by the annealing
temperature selected. In the case of the Lab MBR, the
relative abundance of copies of Carboxydibrachium sp.was
of 84.5% at 44∘C, much higher compared to the other
annealing temperatures tested. The inability to capture any
Candidatus Brocadiales phylotypes in all bioreactors, with
one of those being a high enrichment of these bacteria, when
annealing was performed at 44∘C is related to a consistent
error occurring during the PCR procedure of primer 530F.
In this sense, it is possible that annealing at 44∘C hinds the
relative abundance of Candidatus Brocadiales bacteria under
other bacterial species such as Carboxydibrachium sp. in the
different pyrosequencing samples from the five bioreactors
analyzed.

The results described here demonstrated that an anneal-
ing temperature of 44∘C was inappropriate to analyze the
bacterial community structure of the bioreactors sampled in

the study, due to a severe underestimation of the relative
abundance of Brocadiales.

Results of bacterial diversity obtained for bioreactors Lab
MBR and Low Temperature CANON were further analyzed
to check the performance of primer 530F for the evaluation of
anammox diversity. Diversity of anammox bacteria in biore-
actors Lab MBR and Low Temperature CANON was studied
before by other authors utilizing different molecular biology
techniques, such as FISH or qPCR [35, 36]. In these studies,
it was concluded that Candidatus Brocadia fulgida was the
only anammox bacteria in both Lab MBR and Low Temper-
ature CANON bioreactors. In the present study, Candidatus
Brocadia sp. was the only anammox identified in Lab MBR
bioreactor, while in the Low Temperature CANON bioreac-
tor, pyrosequencing with primer 530F retrieved partial 16S
rRNA genes affiliated to four different anammox phylotypes:
Candidatus Brocadia anammoxidans, Candidatus Brocadia
fulgida, Candidatus Brocadia sp., and Candidatus Jettenia
asiatica, all of them represented in low relative abundance
with the exception of Candidatus Brocadia sp. Sequences
for the OTUs identified as Candidatus Brocadia sp. in both
Lab MBR and Low Temperature CANON bioreactors (305
and 289 nucleotides, resp.) shared 99% similarity in 100%
query cover with four Candidatus Brocadia fulgida sequences
found in the BLASTN database (JQ864319.1, JQ864321.1,
JQ864322.1, Zheng & Zhang, unpublished, and JX243455.1
[36]). Thus, it can be said that universal primer 530F can
express in a consistent way the diversity of anammox bacteria
found in autotrophic nitrogen removal bioreactors.

Failure to find Candidatus Brocadiales sequences at
annealing temperature of 44∘C can be related to a bias of
PCR procedure. The relative abundance of Brocadia sp. and
Carboxydibrachium sp. along with their ratio for the bioreac-
tor Lab MBR can be seen in Table 2. The Carboxydibrachium
sp./Brocadia sp. ratio abruptly increases when dropping from
45∘C to 44∘C, while it stabilizes at temperatures of 45∘C and
higher. In accordance with our results, some studies have
found that a small percentage of OTUs in chicken caecal
samples suffered from distortions in relative abundance as
their bacterial community structure was studied through RT-
PCR at different annealing temperatures, even though the
entire microbial community structures were not subjected to
major changes [37]. Also, changes in amplification of Vibrio
vulnificus by RT-PCR at different annealing temperatures
have been found [38]. Mismatches of primers with the
targeted region of the DNA templates are thought to be
the cause of differences in the estimation of the relative
abundance of bacterial species in environmental samples. A
higher number of mismatches in the targeted region lead
to a higher bias of the relative abundance of certain OTUs.
Among other factors, the annealing temperature is thought to
causemismatch of primers during PCR processes [33]. In this
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Figure 1: Heat maps of OTUs > 1% relative abundance in lab-scale bioreactors LAB MBR and Low Temperature CANON.

Table 2: Relative abundances of Brocadia sp., Carboxydibrachium sp. and the ratio of relative abundances Carboxydibrachium sp. to Brocadia
sp. for the Lab MBR reactor.

Lab MBR
44∘C 45∘C 46∘C 47∘C 48∘C 49∘C

Species
Brocadia sp. (%) 1.04 75.15 86.76 79.51 77.68 75.77
Carboxydibrachium sp. (%) 84.50 0.81 0.77 0.44 0.26 0.13
C. sp./B. sp. 81.34 0.01 0.01 0.01 0.00 0.00

way, low temperatures with respect to optimum have been
related to the proliferation of amplicons with mismatches
[39, 40]. On the other hand, it has been shown that high
annealing temperatures with respect to optimum tend to
increase the ratio of amplification of one-mismatch to no-
mismatch sequences [41, 42]. Regardless of the diversity
of opinions, knowledge of the factors that intervene in
the differences of relative abundance of OTUs at different
annealing temperatures is still incomplete; hence, primer
mismatches may not be the only cause driving these changes
[37].

3.5. CA and PCoA. CA a) and b) are shown in Figure S2.
When the similarity of all OTUs identified was compared,

there were no relevant differences between results generated
by PCR at the different annealing temperatures assayed
(CA a)). However, CA b), which analyzes only OTUs with
>1% relative abundance, clearly shows significant differences
between the results generated at 44∘C compared to the rest of
annealing temperatures tested.This is in accordance with the
heat maps generated for the bioreactors sampled (Figure 1).
This implies that Bray-Curtis dissimilarities between anneal-
ing temperatures are less pronounced when samples are
studied to their full sampling depths.

Phylogeny-dependent CA c) for each bioreactor is shown
in Figure S3. Similarity between samples varies depend-
ing on the bioreactor analyzed. Samples from lab-scale
bioreactors showed a higher phylogeny-based similarity for
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Figure 2: Heat maps of OTUs > 1% relative abundance in full scale bioreactors Appeldorn (A), Olburgen (N), and Rotterdam (R).

all the annealing temperatures tested. No significant dif-
ferences at 80% similarity were found in bioreactor Low
Temperature CANON, and three clusters were formed at
90% similarity. For bioreactor Lab MBR there were no
significant differences at 70% similarity, but three clus-
ters were generated at 80% and 90% similarity. Full-scale
bioreactors showed lower phylogeny-based similarity, with
significant differences at 70% for bioreactors N and R and
sequences grouped in five or six clusters at 90% similar-
ity in all cases. This leads to the assumption that differ-
ences in bacterial communities obtained at different anneal-
ing temperatures are more pronounced in more complex
ecosystems.

Phylogeny-dependent PCoA 2D views are offered in Fig-
ure S4. PCoA was done to double check the results obtained
by CA of samples. Phylogeny-dependent PCoA showed that
44∘C tended to discriminate from the other annealing tem-
peratures in terms of microbial community structure expla-
nation. On the other hand, samples annealed at 45∘C and
48∘C seemed to be related in terms of microbial community
structure. As also proven by cluster analysis, the differences
between various annealing temperatures were found more
pronounced as the complexity of the bacterial communities
increased.

Some authors have reported that differences in annealing
temperature do not significantly affect themicrobial commu-
nity structure of chicken caecal samples [37]. In our case,
differences in microbial community structure at both full
sampling depth and at >1% OTUs were confirmed.

3.6. Species Richness and Hill Diversity Indices. Values for
individuals computed and original, interpolated and extrap-
olated species richness are summarized in Table 3. Rating for
performance of the different annealing temperatures based
on species richness is shown in Table 4. Differences in species
richness are accounted at the original sequencing depth,
interpolated to the lowest number of reads per bioreac-
tor, and extrapolated to the highest number of reads per
bioreactor. Even though species richness comparison cannot
be performed at different sequencing depths, methods for
interpolation and extrapolation of rarefaction curves can
precisely estimate species richness diversity of samples with
different number of reads,making comparison between them
possible [29].

Differences in species richness and number of reads
obtained at each annealing temperature can be appreciated.
As a main trend, 44∘C is the temperature that offered the
highest number of reads, followed by 45∘C and 46∘C. It has
been suggested that annealing temperatures lower than the
optimum increase the number of PCR products generated
[43]. The lowest number of reads was obtained at 49∘C.
48∘C was the temperature generating a higher interpolated
species richness, while at 44∘C a poorer performance was
observed, and 44∘C was also the worst among all annealing
temperatures regarding original species richness. Extrapo-
lated species richness of samples was higher at 45∘C, followed
by 48∘C.

In conclusion, 45∘C is the annealing temperature showing
the best performance regarding the expression of species
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Table 3: Values for individuals computed, original species richness 𝑆(est), interpolated species richness 𝑆(int), and extrapolated species
richness 𝑆(ext).

Temperature Individuals (computed) 𝑆(est) 𝑆(int) 𝑆(ext)

Lab MBR
(T2)

44∘C 11646 42 34.8 42.99
45∘C 16895 148 85.6 148.4
46∘C 17336 117 67 117
47∘C 3162 78 76.8 85.67
48∘C 5883 100 79.2 108.9
49∘C 3024 105 105 117.3

Low Temperature
CANON
(TC)

44∘C 11438 61 30.1 38.65
45∘C 14362 179 100.3 179
46∘C 9545 155 94.4 163.1
47∘C 4145 119 99.5 131.6
48∘C 5068 133 99.3 147.9
49∘C 2394 87 87 95.53

Apeldoorn DEMON
(A)

44∘C 9226 78 29.3 78.76
45∘C 9924 161.7 45.1 161.7
46∘C 654 73 55.6 79.11
47∘C 2192 141 66.5 156.9
48∘C 8206 258 68 265.2
49∘C 321 60 59.9 68.55

Olburgen CANON
(N)

44∘C 17193 87 41.9 87
45∘C 2893 198 134.2 218.3
46∘C 947 141 140.9 160.7
47∘C 3180 205 135.7 221.9
48∘C 2462 197 139.2 217.1
49∘C 1905 174 133.8 192.6

Rotterdam 2-stage
anammox
(R)

44∘C 12977 81 43.2 81
45∘C 5183 211 147.3 228
46∘C 3879 188 143.5 205.2
47∘C 4120 198 151.6 212.3
48∘C 1679 143 143 159.6
49∘C 1791 145 142.3 159.7

Table 4: Ratings for the comparison of species richness for samples from different bioreactors at each annealing temperature. Higher mean
ratio is related to higher performance of the annealing temperature.

Temperature Mean ratio individuals Mean ratio 𝑆(int) Mean ratio 𝑆(ext)
44∘C 89.36% 32.89% 31.00%
45∘C 72.36% 88.05% 91.86%
46∘C 41.79% 86.87% 72.43%
47∘C 24.22% 93.29% 76.70%
48∘C 37.09% 93.51% 84.76%
49∘C 12.49% 92.73% 63.01%

richness of bacterial communities in the bioreactors studied,
while annealing at 49∘C offers a worse performance taking
into account the low number of reads consistently obtained.

Hill diversity indices of first order (Shannon index) and
second order (Simpson index) have been defended as the
most robust method for comparison of bacterial assemblages

from natural ecosystems [31]. Hill diversities of first order
and second order for each sample are shown in Table 5.
Ratings for the comparison of each annealing temperature
based on the indices can be seen in Table 6. Both indices
showed the same quality pattern, with 45∘C being the highest
value followed closely by 49∘C and 48∘C. Once again, 45∘C
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Table 5: Values for the Shannon index and the Simpson index of all samples analyzed in the study.

Temperature Shannon index Simpson index

Lab MBR
(T2)

44∘C 1.559179 0.4866806
45∘C 1.657458 0.5265754
46∘C 0.9898754 0.2964455
47∘C 1.398619 0.4398892
48∘C 1.536843 0.480206
49∘C 1.665004 0.4945622

Low Temperature
CANON
(TC)

44∘C 2.02004 0.7847361
45∘C 3.018484 0.9061173
46∘C 2.85764 0.8814217
47∘C 2.86951 0.8790168
48∘C 2.860865 0.8741682
49∘C 2.871034 0.8860556

Apeldoorn DEMON
(A)

44∘C 2.297351 0.6694541
45∘C 3.561685 0.9399574
46∘C 3.286833 0.928345
47∘C 3.51128 0.9295173
48∘C 3.651016 0.944623
49∘C 3.366082 0.9407517

Olburgen CANON
(N)

44∘C 2.959167 0.8714149
45∘C 3.979032 0.9632393
46∘C 4.039 0.9667856
47∘C 4.021377 0.9636953
48∘C 4.015465 0.9615441
49∘C 3.965338 0.9629424

Rotterdam 2-stage
anammox
(R)

44∘C 2.497644 0.8499261
45∘C 3.910746 0.9644197
46∘C 3.87392 0.9619344
47∘C 3.903737 0.9636846
48∘C 3.865236 0.9630658
49∘C 3.902146 0.9643079

Table 6: Rating for the comparison of species diversity for samples from different bioreactors at each annealing temperature. Higher mean
ratio is related to higher performance of the annealing temperature.

Temperature Mean ratio Shannon index Mean ratio Simpson index
44∘C 72.12% 85.63%
45∘C 99.12% 99.83%
46∘C 88.64% 90.32%
47∘C 94.92% 95.71%
48∘C 97.07% 97.40%
49∘C 97.14% 98.24%

was the best annealing temperature for capturing diversity of
bacterial communities inside the bioreactors analyzed.

No significant differences in species richness and even-
ness of chicken caecal samples studied through RT-PCR
have been reported [37]. Nevertheless, other authors have
shown that differences in annealing temperature lead to
different bonding of primer and targeted region of genetic

templates, having an impact over ecological parameters of
environmental samples. This is caused by enhanced ampli-
fication of certain strains, which deviates relative abundance
of these species, or by nonspecific bonding, which increases
the microbial diversity recorded on the samples [39, 44].
In our case, small differences in annealing temperature
changed species richness, effective number of counts, andHill
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diversities within the samples. Samples processed at 44∘C
accounted for the highest number of reads but surprisingly
also contained the lowest species richness and diversity.
This shows that annealing temperatures of 44∘C reduced the
estimation of the diversity of the system. Reduced diversity of
samples analyzed at 44∘Cmay rest on the fact that the primer
is subjected to much more stringent bonding than that at
the other annealing temperatures, therefore generating many
sequences of a low number of species. All other annealing
temperatures can capture the diversity of the ecosystem
studied in a consistent fashion. 46∘C offers a lower diversity
quality values in comparison with the others.

In terms of species richness and diversity, 44∘C offers
poor results compared to the others, but it can be said that
annealing temperatures ranging from 45 to 49∘C offer good
results. Nevertheless, 45∘C stands as the optimal annealing
temperature of all those tested due to superior species
richness and diversity indices values. Interestingly, it yields
better results in species richness and diversity than the in
silico calculated salt-adjusted optimum for the primer. As
suggested by Hecker and Roux, 1996 [43], annealing temper-
atures above and down the optimum annealing temperature
theoretically calculated for a given primer increase number
of reads obtained and specificity of PCR products. In this
case, annealing temperature at 45∘C gives better results, in
terms of species richness and diversity, than the optimum
salt-adjusted annealing temperature for the primer utilized.

4. Conclusions

The superior coverage of primer 530F with respect to other
popular universal primers was indicated through in silico
testing. The ability of primer 530F to target the majority
of known anammox phylotypes was also demonstrated by
in silico testing. Therefore, primer 530F stands as the best
universal primer available for the metagenomic analysis
of microbial communities where anammox bacteria are
expected to develop important ecological functions.

The 30 pyrosequencing analysis showed that the anneal-
ing temperature produces a severe effect over the microbial
community structure discerned through pyrosequencing.
Strong bias in the identification of anammox species in par-
ticular at annealing temperature of 44∘C was observed in all
the pyrosequencing samples for each of the five autotrophic
nitrogen removal technologies. The six different anneal-
ing temperatures analyzed in the study showed different
microbial community structure compositions as proved
by phylogeny-based and non-phylogeny-based CA and
PCoA. Differences among annealing temperatures could
also be observed with respect to the number of individuals
sequenced and species richness with 45∘C being the best in
these terms. In this sense, annealing temperatures of 45∘C
demonstrate good coverage of total bacteria and anammox
species, high number of reads, the highest species richness,
and the highest diversity indices values. Therefore, results
show that autotrophic nitrogen removal bioreactor bacte-
rial community analyses including anammox bacteria can
be done using the universal primer 530F with annealing
temperature of 45∘C. Under these conditions, this procedure

is a good approach for the bacterial diversity study in auto-
trophic nitrogen removal technologies using pyrosequencing
methods.
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The humanmicrobiome plays important roles in human health and disease. Previous microbiome studies focused mainly on single
pure species function and overlooked the interactions in the complex communities on system-level. A metagenomic approach
introduced recently integrates metagenomic data with community-level metabolic network modeling, but no comprehensive tool
was available for such kind of approaches. To facilitate these kinds of studies, we developed an R package, mmnet, to implement
community-level metabolic network reconstruction.The package also implements a set of functions for automatic analysis pipeline
construction including functional annotation of metagenomic reads, abundance estimation of enzymatic genes, community-level
metabolic network reconstruction, and integrated network analysis. The result can be represented in an intuitive way and sent to
Cytoscape for further exploration.The package has substantial potentials in metagenomic studies that focus on identifying system-
level variations of human microbiome associated with disease.

1. Introduction

The human microbiome has been proved to play a key
role in human health and disease. Various microorganisms
species along with wide range of interactions among them
structure the microbial communities as inherently complex
ecosystems across different human body sites, such as gut,
oral cavity, and skin [1, 2]. The microbes in our bodies are
crucial for human life, having profound influence on human
physiology and health [3–5]. Most of these microbes are still
unculturable and uncharacterized [6]. Furthermore, dynamic
shifts in microbial community structure will change the
immunity andmetabolic function and cause various diseases,
including obesity, inflammatory bowel disease (IBD), and
Crohn’s disease [7–9].

Traditional culture-dependent methods are restricted
by the small number of cultured species and often fail
to describe the less abundant species [10]. To address
this challenge, metagenomics (defined as environmental
and community genomics), a culture-independent technol-
ogy, has been developed and widely used for microbial

community analysis [11]. Specifically, unlike the initial capil-
lary sequence-based or PCR-basedmetagenomic approaches,
high-throughput metagenomic approaches based on next
generation sequencing (NGS) make metagenomic analy-
sis more sensitive, broader, and cheaper, providing critical
insights into microbe-host interaction in large scale [12, 13].

A key challenge of applying metagenomics to micro-
bial community is metabolic network reconstruction from
metagenomic data. Previous studies focused mainly on the
“parts list” of the microbiome and overlooked the inter-
actions in the complex communities on system-level [14,
15]. However, an integrated approach to reconstruct the
metabolic network by integrating metagenomic data with
genome-scale metabolic modeling was introduced recently
[7]. This metagenomic system biology method serves the
entire microbiome as a single superorganism and utilizes
the computational systems biology and complex network
theory, providing comprehensive systems-level understand-
ing of the microbiome by integrating metagenomic data
with genome-scale metabolic modeling. However, there is no
comprehensive tool available for such kind of approaches.
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Here, we present an open source R package named mmnet
to implement community-level metabolic network recon-
struction. Moreover,mmnet implements a set of functions to
construct an automatic pipeline from functional annotation
of metagenomic reads to integrated network analysis. The
result can be represented in an intuitive way and sent
to Cytoscape for further exploration. The source code is
published under GNU GPLv2 license and is freely available
on the Bioconductor project (http://www.bioconductor.org/
packages/devel/bioc/html/mmnet.html).

2. Methods and Implementation

2.1. Methods

Metagenomic Sequence Reads Annotation. To assess the
functional capacity of microbial community, metagenomic
sequence reads need alignment to a database of known
genes and can be achieved with several well-characterized
functional databases including KEGG orthology (KO) [16]
and COGs [17]. The MG-RAST [18], a stable, extensible,
online metagenomics analysis platform, is well maintained
and provides a RESTful web API (Application Programming
Interface) http://api.metagenomics.anl.gov/api.html. In this
package, we annotate metagenomic reads by calling the
RESTful web API of MG-RAST with R package Rcurl. If the
metagenomic sequences have been annotated on MG-RAST,
it will return the corresponding metagenome ID that already
exists in MG-RAST without duplicated annotation.

Enzymatic Gene Abundances Estimation. M5NR [19], MG-
RAST uses to annotate sequences, is an integration of many
sequence databases into one single comprehensive, search-
able database including most common functional databases
like KO, EBI, and SEED. Once metagenomic sequences were
annotated, KO information was filtered and extracted in the
annotation profile fromMG-RAST for subsequent metabolic
network reconstruction. Enzymatic genes abundances can be
estimated according to the following guidelines. (1)The count
for the sequencematched a single reference sequence that had
been annotated with more than one KO split evenly between
all the KO annotations. (2) The count for the sequence
matched more than one KO-annotated reference sequence
with the same 𝑒-value split evenly betweenKOs of allmatched
reference sequences. Relative abundances of enzymatic genes
in each sample can be finally computed by normalizing the
counts of the reads for each KO with the total number of
reads of enzymatic genes accounting for the different sample
depths.

System-Level Metabolic Network Construction. A system-
level metabolic network was constructed from the entire
enzymatic genes (KO) in any sample. Reference metabolic
data used to construct metabolic network, which consists
of KO id and metabolic reactions, was obtained by phasing
KEGG metabolic pathway dataset using KEGG REST API.
Each enzyme may be associated with multiple reactions, and
each reaction may be associated with multiple enzymes. In
this metabolic network, enzymes are connected with directed

Table 1: The topological properties calculated in the SSN.

Topological features Description

Betweenness centrality The fraction of shortest paths between
node pairs that pass through the node

Clustering coefficient The number of triangles (3 loops) that
pass through this node

PageRank The number and PageRank metric of
all nodes that link to the node

Degree The number of edges connected to the
node

edges, and a directed edge from enzyme A to enzyme B
indicates that a product metabolite of a reaction catalyzed by
enzyme A is a substrate metabolite of a reaction catalyzed by
enzyme B.

To examine whether enzymes that are associated with
a specific host state exhibit some topological features in
the SSN, we calculated most common topological properties
(Table 1) of each node in the network.

Metabolic Network Analysis. Comparing the abundances of
enzymatic genes in different samples (e.g., disease andhealthy
samples) can reveal enzymes associated with specific host
state. The package mmnet implements three methods to
measure the differential abundance between different sam-
ples, including odds ratio (OR), RANK, and Jensen-Shannon
Diverge (JSD). First, OR was calculated according to

OR (𝑘) =
[∑

𝑠=state1 𝐴 𝑠𝑘/∑𝑠=state1 (∑𝑖 ̸=𝑘 𝐴 𝑠𝑖)]

[∑

𝑠=state2 𝐴 𝑠𝑘/∑𝑠=state2 (∑𝑖 ̸=𝑘 𝐴 𝑠𝑖)]
, (1)

where 𝐴
𝑠𝑘
represents the abundance of enzyme 𝑘 in sample

𝑠 and state
1
and state

2
represent two types of samples with

different state. The differential abundance score was defined
as the absolute value of the fold change in OR, abs[log

2

(OR)].
Once method RANK was selected, the enzyme abundances
were ranked within each sample from most abundant to
least abundant first.The difference abundance score was then
measured with the difference between the mean ranks of
samples in different state. Finally, users can examine the
divergence using the Jensen-Shannon divergence algorithm
to quantify the differential abundance score between samples
in different state.

2.2. Implementation. A typical analysis pipeline for metage-
nomic systems biology supported by this package (Figure 1)
starts with functional annotation and abundance esti-
mation, then state specific network (SSN) construction,
and finally topological and differential network analysis.
mmnet is released as an R package including seven main
functions (Figure 1): constructSSN, submitMgrastJob, esti-
mateAbundance, updateKEGGPathway, constructMetabolic-
Network, topologicalAnalyzeNet, and differentialAnalyzeNet.
All of these functions will be introduced as follows.

2.2.1. Metagenomic Sequence Reads Annotation. submitM-
grastJob is used for metagenomic sequence reads annotation



BioMed Research International 3

(7) Abundance comparison of 
enzymatic genes 

differentialAnalyzeNet

(1) Annotation of metagenomic 
sequence reads
submitMgrastJob

(2) Estimating the abundance of 
enzymatic genes

estimateAbundance

(4) Making the reference metabolic 
network

constructMetabolicNetwork

(5) Construction of state specific network
constructSSN

(6) Topological analysis of SSN
topologicalAnalyzeNet

(3) Building a local KEGG dataset
updateKEGGPathway

(a) (b)

1000

100

10

1000

100

10

1e + 01 1e + 03 1e + 05 1

1

10 100

0.001

Betweenness centrality

Clustering coefficient PageRank

Degree

ValueValue

Ab
un

da
nc

e

Ab
un

da
nc

e

1000

100

10Ab
un

da
nc

e

1000

100

10Ab
un

da
nc

e

Figure 1: A typical analysis pipeline supported by the mmnet package.

on MG-RAST. Before sequence annotation, users should log
in into MG-RAST first. Acceptable sequence data can be in
FASTA, FASTQ, or SFF format. A MG-RAST ID represents
that the annotation data is returned by this function. Then
annotation profile will be obtained using function getMgras-
tAnnotationwhich takes theMG-RAT IDas input.Theoutput
is a data-frame in which one row corresponds to one KO
annotation information.

2.2.2. Estimating the Abundance of Enzymatic Genes. esti-
mateAbundance is to estimate the abundances of enzymatic
genes in the annotation profile mentioned above. As a result,
a Biological Observation Matrix (BIOM) [20] file format,
which is designed to be a general-use format for represent-
ing biological sample by observation contingency tables, is
returned to encode enzymatic gene abundance profiles.

2.2.3. Building a Local KEGG Dataset. updateKEGGPathway
is used to build or update a local KEGGmetabolic dataset for
improving the efficiency of analysis and avoiding frequently
repeated data downloads.This function is provided inmmnet
package for users to build and update a local version of KEGG
metabolic pathway dataset. The local metabolic data named
RefDbcache is saved in the “\.mmnet” subdirectory under
user-specified folder, default under the user’s home directory.

2.2.4. Making the Reference Metabolic Network. construct-
MetabolicNetwork is used for construction of the reference
metabolic network based on the metabolic reaction relation-
ships in KEGG metabolic pathway dataset. A prebuilt refer-
ence metabolic network of class igraph has been integrated
in mmnet package, so that the rebuilding of the network is
unnecessary unless there are updates on the KEGGmetabolic
pathways.

2.2.5. Construction of STATE Specific Networks. constructSSN
is designed to construct a SSN by calling function con-
structMetabolicNetwork. Its input is an abundance profile of
a sample and the output is subnetworks of the reference
network composed of only the enzymatic genes identified
from samples in a given biological state. This network is also
of class igraph. In addition, the abundances of enzymatic
genes are taken as node attributes in the SSN. The resulting
SSNs can be seamlessly analyzed in R environment by built-
in functions or in Cytoscape [21] by utilizing RCytoscape
package [22].

2.2.6. Topological Analysis of SSN. topologicalAnalyzeNet is
to compute and illustrate the correlations between the topo-
logical properties of enzymatic genes and their abundances
(Figure 1(a)). The input of the function is a single SSN. The
output is also an igraph, inwhich all the calculated topological
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properties of nodes in SSN are stored as node’s attributes and
can be exported for further analysis.

2.2.7. Differential Analysis of SSN. Differential AnalyzeNet is
to calculate the differential abundance score of metabolic
networks with different states. The function takes a list of
SSNs as input and outputs a community-level metabolic
network in which the significantly enriched or depleted
enzymes are marked by colors (Figure 1(b)).

More detailed description of these functions and
the package instructions is referred to in reference manual
http://www.bioconductor.org/packages/devel/bioc/vignettes/
mmnet/inst/doc/mmnet.pdf.

3. Results

To illustrate the analysis pipeline made by this package, we
use a part of the public dataset containing 18 microbiomes
from 6 obese and lean monozygotic twin pairs and their
mothers [8]. 454 FLX pyrosequencer was used to carry out
deepmetagenomic shotgun sequencing of total fecal commu-
nity DNA of 18 obese or lean samples. These metagenomic
sequences have been annotated onMG-RAST, and the anno-
tated data is available inMG-RAST.Thus, we downloaded the
annotation profiles of these samples using getMgrastAnnota-
tion directly without submitting aMG-RAST job. Apparently,
users can annotate the sequenced metagenomic reads using
function submitMgrastJobmanually. For example, one of twin
pairs (mgm4440616.3 and mgm4440824.3) and the function
annotations can be accessed as follows:

source("http://bioconductor.org/biocLite
.R")

biocLite("mmnet")

library(mmnet)

pid <- c("4440616.3","4440824.3")

names(pid) <- c("obese", "lean")

annot <- lapply(pid,

getMgrastAnnotation)

The relative abundances of enzymatic genes in the two
samples were estimated from the functional annotations,
and then the corresponding SSNs were built. For these two
samples, 1345 KOs were identified in total. The correlation
coefficient tested with Pearson’s method is 0.92, which indi-
cated that the relative enzymatic gene abundance across these
two samples was highly concordant:

abund <- estimateAbundance(annot)

ssn <- constructSSN(abund)

Based on the SSNs, we intuitively explored the correla-
tions between the topological features of enzyme in the SSN
and their abundance (Figure 1(a)) and performed differential
network analysis to identify potential enzymes associated
with obese (Figure 1(b)). After differential metabolic network
analysis, enzymatic genes that are associated with specific

state appear as colored nodes (red = enriched and green =
depleted):

lapply(ssn, topologicalAnalyzeNet)

differentialAnalyzeNet(ssn, sample.

state = names(pid))

Notably, only two samples were taken for testing mmnet
accounting for saving computing resources and time; the
results will be more meaningful when more samples were
tooken for analysis.

4. Conclusions

The metagenomic approach on metabolic network provides
a system-level understanding of the microbiome and gains
insight into variation in metabolic capacity. It is very useful
for studying the metabolic activity and specifically complex
inherent interactions by serving the microbial community as
a single supraorganism. In this paper, we present the mmnet
package to support metagenomic network reconstruction as
an integrated way in R environment and to build automatic
pipelines running from metagenomic sequencing reads to
community-level metabolic network. This package has sub-
stantial potentials for community metabolism analysis.

Availability and Requirements

project name: mmnet;
project home page: http://www.bioconductor.org/
packages/devel/bioc/html/mmnet.html;
operating system(s): platform independent;
programming language: R;
other requirements: R 3.1.0 or higher;
license: GNU GPLv2;
any restrictions to use by nonacademics: none.

Conflict of Interests

The authors declare that they have no conflict of interests.

Authors’ Contribution

Yang Cao implemented the package and wrote the user
manual. Fei Li designed the structure and interface of the
software and drafted the paper. Xiaofei Zheng, Xiaochen Bo
participated in the design of the package and helped to draft
the paper. All authors read and approved the final paper.

Acknowledgments

National Major Science and Technology Special Projects
for New Drugs (2013ZX09304101), National Major Science
and Technology Special Projects for Infectious Diseases
(2013ZX10004216), National Key Technologies R&D Pro-
gram for New Drugs (2012ZX09301-003), National Science



BioMed Research International 5

& Technology Pillar Program of China (2012BAI29B07), and
National Nature Science Foundation of China (81102419).The
authors thank Dr. Folker Meyer for kind response about the
usages of MG-RAST API.

References

[1] TheHumanMicrobiomeProject Consortium, “A framework for
human microbiome research,” Nature, vol. 486, no. 7402, pp.
215–221, 2012.

[2] T. H. M. P. Consortium, “Structure, function and diversity of
the healthy human microbiome,” Nature, vol. 486, no. 7402, pp.
207–214, 2012.

[3] Y. Soen, “Environmental disruption of host-microbe co-
adaptation as a potential driving force in evolution,” Frontiers
in Genetics, vol. 5, article 168, 2014.

[4] J. C. Clemente, L. K. Ursell, L. W. Parfrey, and R. Knight, “The
impact of the gut microbiota on human health: an integrative
view,” Cell, vol. 148, no. 6, pp. 1258–1270, 2012.
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Alzheimer’s disease (AD) is the most common neurodegenerative disorder. Using discrete disease status as the phenotype and
computing statistics at the single marker level may not be able to address the underlying biological interactions that contribute
to disease mechanism and may contribute to the issue of “missing heritability.” We performed a genome-wide association study
(GWAS) and a genome-wide interaction study (GWIS) of an amyloid imaging phenotype, using the data from Alzheimer’s Disease
Neuroimaging Initiative. We investigated the genetic main effects and interaction effects on cingulate amyloid-beta (A𝛽) load in
an effort to better understand the genetic etiology of A𝛽 deposition that is a widely studied AD biomarker. PLINK was used in the
single marker GWAS, and INTERSNP was used to perform the two-marker GWIS, focusing only on SNPs with 𝑝 ≤ 0.01 for the
GWAS analysis. Age, sex, and diagnosis were used as covariates in both analyses. Corrected p values using the Bonferroni method
were reported.The GWAS analysis revealed significant hits within or proximal toAPOE, APOC1, and TOMM40 genes, which were
previously implicated in AD.The GWIS analysis yielded 8 novel SNP-SNP interaction findings that warrant replication and further
investigation.

1. Introduction

Alzheimer’s disease (AD) is the most common neurode-
generative disorder characterized by a progressive decline
in memory and cognition. The pathologic cascade in AD
involves two primary hallmarks: amyloid-𝛽 (A𝛽) plaques and
neurofibrillary tangles [1]. Genetics plays an important role in
late-onset Alzheimer’s disease (LOAD), butmissing heritabil-
ity remains to be found according to current approximations

[2]. The last several decades of research yielded only one
genetic risk factor of large effect for LOAD: Apolipoprotein E
(APOE) with 2 copies of the 𝜀4 allele confers approximately 6-
to 30-fold risk for the disease [3]. Some recent genome-wide
association studies (GWAS) have identified several additional
AD susceptibility genes, including BIN1, CLU, ABCA7, CR1,
PICALM,MS4A6A,MS4A4E,CD33,CD2AP, and EPHA1 [4–
9]. However, these genetic factors have relatively low effect
sizes (odds ratios of 0.87–1.23) and cumulatively account for
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approximately 35% of population-attributable risk [8]. More
recently, a large scale GWAS meta-analysis identified 11 new
susceptibility loci with also small effect sizes [10].

Traditional GWAS analyses used discrete disease status as
the phenotypic trait of interest despite the fact that LOAD
is a clinically heterogeneous disorder. Recently, researchers
started to explore intermediate quantitative traits (QTs),
such as clinical or cognitive features, biochemical assays,
or neuroimaging biomarkers, in genetic association testing.
This may have the potential to address the issue of clinical
heterogeneity in LOAD. These QTs are often measured as
continuous variables and thus exhibit a higher genetic signal-
to-noise ratio. Further, most intermediate QTs are more
proximal to their genetic bases than disease status. Thus, the
incorporation of intermediate QTs can potentially increase
statistical power to detect disease-related genetic associations
[11, 12]. An ancillary benefit of using QTs is that they can
serve as effective biomarkers for monitoring disease progress
or treatment response in clinical practice or drug trials.

Over the past 10–15 years, studies have identified robust
and predictive biomarkers for AD including levels of tau and
amyloid-𝛽 peptides in cerebrospinal fluid (CSF), selective
measures of brain atrophy usingmagnetic resonance imaging
(MRI), and imaging of glucose hypometabolism and amyloid
using positron emission tomography (PET) [13]. PET
imaging can be used to quantify levels of amyloid in the brain
by utilizing a radiotracer such as florbetapir (18F-AV-45 or
AV-45) or/and Pittsburgh compound-B (PiB, N-methyl-
[11C]2-(40-methylaminophenyl)-6-hydroxybenzothiazole).
These amyloid measures have been studied as biomarkers
for classifying AD [14–17]. All these multimodal biomarkers
can potentially be served as AD relevant QTs and have been
examined in many existing quantitative genetics studies of
LOAD [18].

In addition, most genetic association studies compute
statistics at the single marker level and ignore the pos-
sible underlying biological interactions that contribute to
the development of disease [19] and could be a possible
source for “missing heritability.” Given the quadratically
growing search space of two-way interactions, we are facing
major computational and statistical challenges. To address
this issue, one approach is to effectively explore epistatic
interactions in genome-wide data by using a priori statistical
and/or biological evidence to generate a reduced set of genetic
markers for interaction testing. Using this strategy, previ-
ous interaction studies in LOAD (e.g., [20–24]) implicated
interactions between CR1 and APOE using quantified A𝛽
PET as the outcome variable [24] and between cholesterol
trafficking genes [21, 22] and tau phosphorylation genes [20]
in case-control analyses. These studies demonstrated that the
important information could be garnered from investigating
genetic interactions in complex diseases like LOAD.

With these observations, in the present work, we con-
ducted a quantitative genetics study of an AD-associated
amyloid imaging phenotype and examined both single
marker main effects and two-marker interaction effects at
the genome-wide level. Specifically, we investigated the main
and interaction effects of genome-wide markers on cingulate

amyloid-beta (A𝛽) load in an effort to better understand the
genetic etiology of cingulate cortical A𝛽 deposition (a LOAD
biomarker).

2. Materials and Methods

Data used in the preparation of this paper were obtained from
the Alzheimer’s Disease Neuroimaging Initiative (ADNI)
database (http://adni.loni.usc.edu/).TheADNI was launched
in 2003 by the National Institute on Aging (NIA), the
National Institute of Biomedical Imaging and Bioengineering
(NIBIB), the Food and Drug Administration (FDA), private
pharmaceutical companies, and nonprofit organizations, as a
$60 million, 5-year public-private partnership. The primary
goal of ADNI has been to test whether serial magnetic
resonance imaging (MRI), positron emission tomography
(PET), other biological markers, and clinical and neuropsy-
chological assessment can be combined to measure the
progression of mild cognitive impairment (MCI) and early
Alzheimer’s disease (AD). Determination of sensitive and
specific markers of very early AD progression is intended to
aid researchers and clinicians to develop new treatments and
monitor their effectiveness, as well as lessen the time and cost
of clinical trials.

The Principal Investigator of this initiative is Michael
W. Weiner, M.D., VA Medical Center and University of
California, San Francisco. ADNI is the result of efforts
of many coinvestigators from a broad range of academic
institutions and private corporations, and subjects have been
recruited from over 50 sites across the US and Canada. The
initial goal of ADNI was to recruit 800 subjects but ADNI
has been followed by ADNI-GO and ADNI-2. To date these
three protocols have recruited over 1500 adults, aged 55 to
90, to participate in the research, consisting of cognitively
normal older individuals, people with early or late MCI, and
people with early AD. The follow-up duration of each group
is specified in the protocols for ADNI-1, ADNI-2, and ADNI-
GO. Subjects originally recruited for ADNI-1 and ADNI-GO
had the option to be followed in ADNI-2. For up-to-date
information, see http://www.adni-info.org/.

We applied for and were granted permission to use
data from the ADNI cohort (http://www.adni-info.org/) to
conduct genetic association and interaction analyses.

2.1. Subjects and Data. For the present work, analyses were
restricted to subjects with both genotyping data and AV-45
PET data available. The study sample (𝑁 = 602) included
190 healthy control (HC), 215 early MCI (EMCI), 152 late
MCI (LMCI), and 45 AD subjects. Table 1 shows selected
demographic and clinical characteristics of these participants
at the time of the baseline AV-45 PET scan.

2.2. Genotyping Data and Quality Control. The genotyping
data of the participants were collected using either the Illu-
mina 2.5M array (a byproduct of the ADNI whole genome
sequencing sample) or the Illumina OmniQuad array [18, 25,
26]. For the present analyses, we included single nucleotide
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polymorphism (SNP) markers that were present on both
arrays.

Quality control (QC) was performed using the PLINK
software (version 1.07) [27]. SNPs not meeting any of the
following criteriawere excluded from further analyses: (1) call
rate per SNP ≥95%; (2) minor allele frequency ≥ 5% (𝑛 = 117,
175 SNPs were excluded based on criteria 1 and 2); and (3)
Hardy-Weinberg equilibrium test of 𝑝 ≥ 10−6 (𝑛 = 997 SNPs
were excluded) using control subjects only. Participants were
excluded from the analysis if any of the following criteria were
not satisfied: (1) call rate per participant≥ 90% (3 participants
were excluded); (2) sex check (1 participant was excluded);
and (3) identity check for related pairs (3 sibling pairs were
identified with PI HAT >0.5; one participant of each pair was
randomly selected and excluded from the study).

Population stratification analysis was performed using
EIGENSTRAT [28] and confirmed using STRUCTURE [29].
It yielded 47 study participants who did not cluster with
the remaining subjects and with the CEU HapMap sam-
ples who are primarily of European ancestry (non-Hispanic
Caucasians). These 47 participants were excluded from the
analysis. After QC, 582,718 SNPs and 602 samples remained
available for genetic association and interaction analyses.

2.3. Quantitative Traits. A previous AV-45 PET study [30]
showed that both AD and amnestic MCI subjects had
higher standardized uptake value ratio (SUVR) in global
cortical, precuneus, frontal, occipital, and posterior cingu-
late areas. We focused this study in one of these regions,
which is cingulate. UC Berkeley extracted baseline SUVR
mean measure from the cingulate cortical region (version
2014.7.30) that was downloaded from the ADNI database
(http://adni.loni.usc.edu/) for 987 ADNI-GO/2 participants.
We also downloaded the cerebellum SUVRmeasure and used
it to normalize the cingulate SUVRmeasure.The normalized
SUVRwas used as the quantitative trait (QT) in our analyses.
After excluding 383 participants due to the lack of genotyping
data, 602 individuals remained in the further analysis.

In addition, amyloid-𝛽 1-42 peptide (A𝛽-42), total tau (t-
tau), and tau phosphorylated at the threonine 181 (p-tau181p),
measured in CSF samples, are potential diagnostic biomark-
ers for AD [31–33]. Among the 602 individuals, 504 have
both AV-45 data and CSF data. Following a previous GWAS
study onCSF biomarkers [34], QCwas performed on the CSF
data to reduce the potential influence of extreme outliers on
statistical results. Mean and standard deviation (SD) of Aß1-
42 and 2 ratios (t-tau/Aß1-42 and p-tau181p/Aß1-42) were
calculated, blind to diagnostic information. Subjects who had
at least one value greater or smaller than 4 SDs from themean
value of each of 3 CSF variables were regarded as extreme
outliers and removed from the analysis. This step removed
5 additional participants, resulting in 499 valid CSF samples.

2.4. Genetic Association Studies: Main Effects and Interac-
tion Effects. For GWAS examining the main effects, linear
regression was performed using PLINK to determine the
association of each SNP to the AV-45 measure. An additive
genetic model was tested with covariates including age,

gender, and diagnosis (through four binary dummy variables
indicating HC, EMCI, LMCI, or AD). Manhattan plots and
Q-Q plots were generated using Haploview (http://www
.broad.mit.edu/mpg/haploview/) and R (http://www.r-proj-
ect.org/), respectively.

For GWIS examining the interaction effects, the INTER-
SNP software [35] was applied to the genotyping data and
phenotypic AV-45 measure. First, a single marker 𝑝 value for
the main effect was computed for each SNP. Top 10,000 SNPs
with the smallest 𝑝 values were selected and included in the
subsequent interaction analysis. An explicit test for additive
interaction (the full model including both additive and dom-
inance effects plus interaction term versus reduced model
that does not contain interaction terms) was performed on
all possible SNP pairs among the top 10,000 SNPs, using two-
marker analysis. The computation was conducted in a linear
regression framework.We examined the association between
SNP-SNP interactions and the AV-45 measure while control-
ling for relevant covariates at the baseline scan, including
age, sex, and clinical diagnosis. This resulted in a total of
approximately 50 million unique SNP pairs to be tested from
the ADNI dataset. Interactions were considered significant if
their Bonferroni corrected 𝑝 value < 0.05.

2.5. Post Hoc Analysis. For identified significant interactions,
we applied hierarchical linear regression using IBM SPSS 20
to estimate the amount of variance (𝑅2) in the AV-45measure
accounted for by these interaction terms. We first included
the same set of covariates (age, gender, and diagnosis) in
the linear model. After that, we included APOE status, the
closest SNP to the BCHE SNP identified in a prior amyloid
GWAS study [36], and the two SNP main effects from
the identified SNP pair. Finally, we included the SNP-SNP
interaction term to calculate additional variance explained by
the interaction term. The difference in 𝑅2 for the significant
models was calculated in SPSS as Δ𝑅2 = 𝑅2 (full model with
interaction term) −𝑅2 (reduced model without interaction
term). Significant effects were plotted in SPSS as well.

In addition, based on the identified interactions associ-
ated with AV-45, we further evaluated their main and inter-
action effects on the CSF levels related to amyloid, including
A𝛽1-42, t-tau181p/A𝛽1-42, and p-tau/A𝛽1-42. These three
CSF measures were used as the QTs in 3 separate genetic
analyses, following the same method and steps for analyzing
AV-45 phenotype as described above.

3. Results and Discussion

3.1. GWAS Results. Table 1 shows selected demographic and
clinical characteristics of 602 ADNI participants analyzed in
this study, where the EMCI group is slightly younger than
the other groups. Figure 1 shows the Q-Q plot, indicating no
evidence of spurious inflation. Figure 2 shows theManhattan
plot. As expected, significant associations were identified
between loci on chromosome 19 and the AV-45 measure.
The top association is from rs4420638 (𝑃 = 5.11 × 10−21),
which codes for theAPOC1 [37]. A few other SNPs within the
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Table 1: Selected demographic and clinical characteristics of participants at the time of AV-45 PET scan.

HC (𝑁 = 190) EMCI (𝑁 = 215) LMCI (𝑁 = 152) AD (𝑁 = 45)
Age (years) 74.51 (5.74) 71.43 (7.28) 73.03 (7.49) 74.87 (9.05)
Women 94 (49%) 95 (44%) 62 (41%) 17 (38%)
Education (years) 16.53 (2.64) 15.95 (2.66) 16.32 (2.90) 15.67 (2.70)
APOE e4 allele present 54 (28%) 87 (40%) 78 (51%) 33 (73%)
CDR-SOB 0.03 (0.13) 1.22 (0.72) 1.73 (0.94) 4.36 (1.64)
Mini mental status examination 29.07 (1.20) 28.39 (1.46) 27.25 (1.77) 22.93 (2.08)
Logical memory immediate recall (WMS-R) 14.46 (3.08) 10.96 (2.77) 7.32 (3.06) 4.40 (2.52)
Logical memory delayed recall (WMS-R) 13.55 (3.27) 8.90 (1.72) 4.22 (2.75) 2.02 (2.17)
Normalized SUVR of cingulate amyloid burden 1.211 (0.21) 1.273 (0.23) 1.274 (0.27) 1.48 (0.24)
AD: Alzheimer’s disease; CDR–SOB: clinical dementia rating-sum of boxes; EMCI: early mild cognitive impairment; HC: healthy control; LMCI: late mild
cognitive impairment; PET: positron emission tomography; WMS-R: Wechsler Memory Scale-Revised. Data are shown in the format of “number (%)” or
“mean (SD).”
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values from the GWAS of cingulate cortical Aß load versus those
expected under the null hypothesis.

APOE region, including adjacentAPOC1 andTOMM40, were
significantly associated with the AV-45 level in cingulate.

3.2. SNP-SNP Interaction Results. The INTERSNP model
we tested included age, sex, and diagnosis as covariates.
Eight SNP pairs showed significant interaction effects
on the cingulate AV45 measure (corrected 𝑝 value <
0.05) (Table 2): rs2194938 (CLSTN2)-rs7644138 (FHIT),
rs7916162 (TACC2)-rs2326536 (𝑃𝑅𝑁𝑃∗), rs2295873
(TACC2)-rs7794838 (𝐼𝐺𝐹𝐵𝑃3∗), rs2295874 (TACC2)-
rs2326536 (𝑃𝑅𝑁𝑃∗), rs13056151 (BCR)-rs17594541 (MAGI2),
rs13426621 (LOC388942)-rs7037332 (𝑇𝑌𝑅𝑃1∗), rs16936424
(LOC387761)-rs10504164 (N/A), and rs16939265 (𝐻𝑁𝐹4𝐺∗)-
rs6854047 (𝑅𝑊𝐷𝐷4∗).

3.3. Post Hoc Analysis. Table 2 also shows the results of post
hoc analysis on cingulate amyloid deposition. Age, gender,
and diagnosis were first included in themodel and accounted
for 11% of variance in the amyloid QT. APOE status was then
accounted for an additional 16.1% of variance, followed by the
closest SNP to the BCHE SNP identified in [36] accounted for
an additional 1.8% of variance. For each interaction, we ran
a hierarchical linear regression model. We first added in the
genetic main effects and then the genetic interaction term to

determine the variance associated with the interaction term
alone. For rs2194938 (CLSTN2)-rs7644138 (FHIT), the SNP
main effects accounted for 3.4% of variance, and the interac-
tion term accounted for 4.9% of variance (8.3% combined).
For rs7916162 (TACC2)-rs2326536 (𝑃𝑅𝑁𝑃∗), the main effects
accounted for 2% of variance, and the interaction accounted
for 4.9% of variance (6.9% combined). For rs2295873
(TACC2)-rs7794838 (𝐼𝐺𝐹𝐵𝑃3∗), the main effects accounted
for 3.7% of variance, and the interaction term accounted for
4.1% of variance (7.8% combined). For rs2295874 (TACC2)-
rs2326536 (𝑃𝑅𝑁𝑃∗), the SNPmain effects accounted for 3.7%
of variance, and the interaction term accounted for 4.1% of
variance (7.8% combined). For rs13056151 (BCR)-rs17594541
(MAGI2), the main effects accounted for 3.5% of variance,
and the interaction term accounted for 2.6% of variance
(6.1% combined). For rs13426621 (LOC388942)-rs7037332
(𝑇𝑌𝑅𝑃1∗), the main effects accounted for 4.2% of variance,
and the interaction accounted for 2.3% of variance (6.5%
combined). For rs16936424 (LOC387761)-rs10504164 (N/A),
themain effects accounted for 3.7% of variance, and the inter-
action term accounted for 1.7% of variance (5.4% combined).
For rs16939265 (HNF4G∗)-rs6854047 (RWDD4∗), the main
effects accounted for 2.7% of variance, and the interaction
term accounted for 1.3% of variance (4.0% combined).

Using a slightly reduced sample (𝑁 = 499) with
CSF biomarker data available, all 8 identified interactions
remained statistically significant when performing hierarchi-
cal linear regression using the CSF phenotypes (one baseline
measure: A𝛽, two ratios: t-Tau/A𝛽 and p-Tau/A𝛽) instead
of the AV-45 measure as outlined earlier (Table 3). We also
repeated the same AV-45 analysis on the reduced sample and
achieved a very similar result (Table 4).

3.4. Discussion. In this study, we performed both GWAS
and GWIS analyses of the cingulate AV-45 florbetapir PET
measure, using a sample of 602 subjects from the ADNI
database. To our knowledge, this is the first genome-wide
study on examining SNP-SNP interaction effects on cingulate
amyloid deposition in a substantially large sample. In the
single marker analysis, as expected, SNPs in APOE, APOC1,
and TOMM40 genes (Figure 2) exhibited genome-wide
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𝑝 values from the GWAS of cingulate cortical A𝛽 load. More than 580,000 SNPs were tested
for association with cingulate cortical A𝛽 burden under an additive model, with age, gender, and diagnosis as covariates. Genome-wide
significant associations (exceeding the threshold represented by the red line and determined by Bonferroni correction) were identified on
chromosome 19 within the APOE and its neighboring regions.

significant associations to the cingulate cortical Aß level.
Two-marker interaction analyses revealed 8 SNP pairs,
which had significant genetic interactions (corrected
𝑝 ≤ 0.05) with cingulate amyloid burden. The risk variants
at these pairs had low main effects but explained a relatively
high-level variance of the amyloid deposition in cingulate
(Table 2).

In addition,missing heritability can partially be explained
by the interaction effects that are not examined in traditional
GWAS analyses. Genetic risk underlying diagnosis of LOAD
is considered to be manifested from multiple genes which
interact with each other. We have performed a post hoc
analysis investigating the effects of the identified SNP-SNP
interactions LOAD related quantitative phenotypes including
amyloid deposition and CSF biomarkers (A𝛽, t-tau/A𝛽, p-
tau/A𝛽). Given amyloid and tau phosphorylation as major
AD hallmarks, it is not surprising to observe the genetic
interaction effects on both the amyloid load and relevant CSF
biomarkers (Tables 2–4). Our results suggest that significant
SNP-SNP interactions could exist between SNPs with low
and insignificant main effects, and these interactions could
be associated with altered amyloid burden and explain high-
level risk in AD.

In line with our hypothesis, we identified multiple signif-
icant genetic interactions associated with cingulate amyloid
deposition. Several genes found in this study have already
been implicated in AD, thus lending confidence to the
analytic procedure and results. These genes include PRNP
[38, 39], IGFBP3 [40, 41], and MAGI2 [42, 43]. For example,
Guerreiro et al. reported a nonsense mutation in PRNP
associated with clinical Alzheimer’s disease [38]. Ikonen et
al. showed that interaction between the Alzheimer’s survival
peptide humanin and insulin-like growth factor-binding
protein 3 (IGFBP3) regulates cell survival and apoptosis

[40]. Potkin et al. identified an MAGI2 SNP associated with
hippocampal atrophy using the ADNI data [42]. Perhaps
more importantly, this study also identified a number of SNPs
that had not yet been associated with AD in conventional
GWAS studies. Thus, this study exposes several potential
candidate genes that could be explored in future replication
samples.

This study had several methodological and technical
advantages over other imaging genetics studies in addition
to the above interesting findings. (1) To our knowledge this
is the first genome-wide study to explore how SNP-SNP
interactions influence cingulate amyloid burden, measured
using florbetapir PET scan information. (2)Using continuous
quantitative traits as phenotypes confers higher statistical
power than using conventional clinical status. (3)The sample
in this study included HC, EMCI, LMCI, and AD, thus
providing a continuous and wide spectrum of the disease
progression in the dataset. (4) Our approach embraced,
rather than ignored, the confounding factors including age,
sex, diagnosis, and previously identified risk genesAPOE and
BCHE and providedmore accurate estimate of the interaction
effects on amyloid burden. (5) CSF data were used in this
study to cross-check the identified interactions, which had
the potential to serve as an indirect validation strategy or
provide complemental information.

Our study has several limitations. (1) We used single
marker main effect value to select SNPs for interaction
analysis, which could miss significant interactions between
SNPs with insignificant main effects. (2) The small cell size
in the interaction analyses might introduce false positives.
(3) Our approach is mostly data-driven, without utilizing
any existing biological knowledge (e.g., pathways, networks,
and other functional annotation data), which may reduce the
statistical power and result interpretability.
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4. Conclusions

We performed GWAS and GWIS using amyloid imaging
as the quantitative phenotype and investigated the genetic
interaction effects on cingulate amyloid-beta (A𝛽) load. The
single marker analyses revealed significant hits within or
proximal to APOE, APOC1, and TOMM40 genes, which
were previously implicated in AD. The interaction analyses
yielded a few novel interaction findings associated with
cingulate amyloid burden, such as those between CLSTN2
and FHIT, between TACC2 and PRNP, between TACC2 and
IGFBP3, and between BCR and MAGI2. Each of these SNP
pairs demonstrated significant interaction effects while their
individual main effects were not prominent. This suggests
that searching for interaction effects may help solve the
problem ofmissing heritability to some extent. Future studies
should attempt to replicate these results in independent
datasets with neuroimaging and genetic data, as they become
available. Additional pathway analysis and gene sets enrich-
ment analysis could be performed to help understand the
genetic interactions between SNPs on amyloid imaging phe-
notypes and potentially provide critical functional evidence
in support of the statistical association findings.
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Genome assembly remains a challenge for large and/or complex plant genomes due to their abundant repetitive regions resulting in
studies focusing on gene space instead of the whole genome.Thus, DNA enrichment strategies facilitate the assembly by increasing
the coverage and simultaneously reducing the complexity of the whole genome. In this paper we provide an easy, fast, and cost-
effective variant of MRE-seq to obtain a plant’s hypomethylome by an optimized methyl filtration protocol followed by next
generation sequencing. The method is demonstrated on three plant species with knowingly large and/or complex (polyploid)
genomes: Oryza sativa, Picea abies, and Crocus sativus. The identified hypomethylomes show clear enrichment for genes and
their flanking regions and clear reduction of transposable elements. Additionally, genomic sequences around genes are captured
including regulatory elements in introns and up- and downstream flanks. High similarity of the results obtained by a de novo
assembly approach with a reference based mapping in rice supports the applicability for studying and understanding the genomes
of nonmodel organisms. Hence we show the high potential of MRE-seq in a wide range of scenarios for the direct analysis
of methylation differences, for example, between ecotypes, individuals, within or across species harbouring large, and complex
genomes.

1. Introduction

Chemical modifications of DNA and histones, known as epi-
genetic marks, regulate the access to the genetic information
encoded in the DNA of eukaryotic cells. Thereby, epigenetic
modifications can inheritably coordinate gene expression
without changing the underlying DNA sequence. As such,
epigenetic regulation is an additional layer in the genetic
information of a cell influencing a plethora of biological
processes [1, 2]. In plants, the most common mark of DNA
methylation is 5-methylcytosine (5-mC) [3]. The cytosine
can be methylated at CG, CHG, and CHH sites, where
H represents nonguanine residues. Cytosine methylation is
nonrandomly distributed in plants and is found primarily
in repetitive regions of the genome that are enriched in
transposable elements (TEs), centromeric repeats, or silent
rDNA repeats. When DNA methylation occurs in promoter
regions and within the gene space it is associated with
differential gene expression [4, 5].

Based on whole genome DNA methylation analyses it
is now widely accepted that methylation marks in plants
fluctuate according to the cell, tissue, and organ in the
vegetative and reproductive phases of a plant’s life cycle [6,
7]. This epigenetic variation is of utmost importance not
only during plant development but also in the response to
environmental conditions. Most notably, cytosine methy-
lation patterns acquired in response to abiotic or biotic
stress are often inherited over one to several subsequent
generations. Thereby, the epigenetic system reversibly stores
information over time functioning as a “molecular memory.”
This transgenerational inheritance of DNA methylation can
in some cases lead to novel epialleles and phenotypes within
populations and thereby mediates phenotypic plasticity [8].

Thus, epigenetic profiling is an increasingly popular
strategy for understanding the genetic and environmen-
tal interactions behind many biological processes. There-
fore, robust, cost-effective, and scalable assays are needed
for studying epigenetic variation in diverse contexts. Over
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the past years numerous methods have been developed
to study a plant’s methylome (the methylated part of
the genome) and hypomethylome (the nonmethylated part
of the genome), whereby each method is accompanied
by its strengths and limitations (reviewed in [9, 10]).
Nowadays, sequencing-based methods especially present a
unique opportunity to achieve comprehensive methylome or
hypomethylome coverage.

The scientific goal to focus the sequencing efforts led
to strategies to enrich either methylated or nonmethylated
DNA regions. Immunoprecipitation followed by sequencing
(MeDIP-seq) is used to obtain the methylated parts of
genomes [11]. Due to the relatively low cost for acquiring
genome-wide data, MeDIP-seq is very attractive and has
recently been applied to complex plant genomes, such as
poplar [12], maize [13], and rice [14]. One the contrary, to
enrich the nonmethylated part of a genome (the hypomethy-
lome), methylation-sensitive restriction enzymes have been
used. Based on the fact that the gene body in plants is
showing rather lowmethylation levels (hypomethylated) and
that, in contrast, cytosine methylation is found predomi-
nantly in repetitive elements (e.g., transposable elements) [4],
methylation-sensitive enzyme-based genome digests creating
reduced representation library allow enriching gene related
sequences [15, 16]. A widely applied variation of this methyl
filtration (MF) approach is using the enzymeMcrBC followed
by cloning steps [17, 18]. The combination of MF with subse-
quent next generation sequencing (NGS) is termedMRE-seq
(methylation-sensitive restriction enzyme-seq). This method
has so far been predominantly applied in mammalian tissue
for analysing methylation differences [19–21]. Although an
enhanced MF method has been described in 2009 for plants
[22], most of the recent studies in plants still study the
hypomethylome through the McrBC-based MF [23–25],
MSAP (methylation-sensitive amplified polymorphism [26,
27]), RLGS (Restriction Landmark Genome Scanning [28]),
or methylation-sensitive Southern blotting [29].

Due to some limitations in MF techniques (reviewed by
[9]), there is still potential to improve the MRE-seq in order
to allow a wider application of the technique for the direct
analysis of methylation differences between ecotypes and
the role of epigenetics as a source of variation contributing
to fitness and natural selection especially with regard to
nonmodel organisms.

With the present study performed on the model organ-
ism rice (Oryza sativa) we demonstrate that with an
improved MRE-seq method, the hypomethylome and thus
the gene space of a plant can be easily accessed by the
use of methylation-sensitive restriction enzymes followed by
next generation sequencing. Using different bioinformatics
approaches we show that performing de novo assembly
with the MF sequences allows the reconstruction of a large
proportion of the gene space including promoters without
prior knowledge of the whole genome. Furthermore we
confirm our results in small scale studies in the large genome
of Norway spruce (Picea abies) and the triploid saffron crocus
(Crocus sativus) genome.

Our method provides an easy tool for killing two
birds with one stone: (1) the reduced representation library

enriched for gene space can serve as cost-effective tool for
analysing a plant’s gene space depleted of repetitive elements
comprising over 50–80% of the genome [30]; (2) with this
representation of the hypomethylome, an easy comparative
analysis of epigenetic variation among genotypes or tissues
can be performed at an affordable price, even in a larger set
of samples.

2. Material and Methods

2.1. Plant Material. Genomic DNAwas prepared from leaves
of the Oryza sativa ssp. indica variety SHZ-2A (seeds are
kindly provided by R. Mauleon, IRRI International Rice
Research Institute, Los Banos, Philippines), from a pool
of stigmata of the Crocus sativus L. accession “LaMancha”
(material kindly provided by O. Santana-Méridas, Servicios
Periféricos de Agricultura, Centro Agrario de Albaladejito,
Cuenca, Spain), and from needles of Picea abies (L.) H. Karst.
(twigs kindly provided by S. Schüler, Department of Forest
Genetics, Austrian Research Centre for Forests, Vienna,
Austria) using DNeasy Plant mini kit (Qiagen) following the
manufacturer’s instructions.

2.2. Methyl Filtration with Size Selection through PCR

2.2.1. Enzyme Selection. In order to improve the MF enrich-
ment towards a higher coverage of the gene space and
to adjust the previously reported technique [22] towards
NGS, the enrichment potency of five different methylation-
sensitive enzymes (AciI, HpaII, and Bsh1236I sensitive
to CpG methylation, and MspI and PspGI sensitive to
CpH/WpG methylation) was evaluated in a first step using
rice as the model of choice by following the steps described
below.

2.2.2. Digestion and Ligation. Digestion of the genomic DNA
and ligation of the adapters was performed simultaneously
in a single reaction for each enzyme separately. 300 ng
of genomic DNA and 4 𝜇L 10mM of the preannealed
adaptors PmeI CGWA (5-GCACGACTGTTTAAA-3) and
PmeI CGB (5-CGTTTAAACAGTCGT-3, 5 phosphory-
lated) were mixed in 50 𝜇L reaction volume supplemented
either with AciI, Bsh1236I, HpaII, MspI, or PspGI (40U,
NEB) each in the corresponding NEB buffer. During the
enzymatic digestion process, the cut DNA fragments were
simultaneously ligated to the double stranded adaptors with
2 𝜇L T4 ligase (Thermo Scientific) and 2mM ATP being
present in the same reaction mix. After overnight incubation
at 37∘C, the reaction was stopped by heat inactivation at 65∘C
for 20 minutes and diluted 1 : 1 with water. Samples were
extracted with phenol-chloroform followed by chloroform
before precipitation with EtOH. Samples were dissolved in
100 𝜇L 0.5x NEB4 buffer.

2.2.3. Amplification of theAdaptor LigatedDNA. For Illumina
sequencing, fragments were attained by PCR amplification
of the restriction digested and adaptor ligated genomic
DNA samples. 1 𝜇L of digested and adaptor ligated DNA
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and 6 𝜇L of 10 𝜇M amplification primer PmeI CG17 (5-
CACGACTGTTTAAACGG-3) were used in a 50𝜇L PCR
reaction containing 2.5UHotStart Polymerase (Qiagen), 1𝜇L
25mMMgCl

2
, and 1𝜇L 20 𝜇MdNTPs.ThePCR yielded 200–

800 bp fragments under the following cycling conditions:
95∘C for 15 minutes; 30 times 95∘C/30 sec, 55∘C/40 sec,
72∘C/50 sec; 72∘C for 5 minutes. The PCR reactions were
precipitated in EtOH andDNAdissolved in 100𝜇L 5mMTris
buffer (pH 8.0). Eight parallel reactions were performed for
each restriction enzyme setup in order to collect sufficient
amount of DNA for subsequent sequencing.

2.2.4. Removal of the Adaptor Sequences. To increase the
length of the usable sequence information, themajority of the
adaptor sequence was removed by PmeI digestion, the rare
cutter site (GTTTAAAC) included in the adaptor sequence.
20𝜇g of the PCR amplifications were digested with PmeI
(NEB) in NEB4 buffer and supplemented with 100 ng/𝜇L
BSA in two steps. First digestion was performed in a 200𝜇L
reaction volume, containing 200U PmeI enzyme on 37∘C for
2 hours followed by a subsequent volume increase to 250 𝜇L
including additional 50U PmeI and incubated for additional
2 hours. Finally the reaction was stopped at 65∘C for 20
minutes.

2.3. Sequencing. The rice and Norway spruce fragments have
been prepared as amplicon libraries and next generation
sequencing was performed on Illumina’s HiSeq 2000 using
100 bp paired end technology. The individual libraries (5
libraries of rice, each treated with one of the abovementioned
enzymes, and 5 libraries of N. spruce, 4 treated with HpaII,
and a whole genome snapshot library as control) were
barcoded and sequenced together in a single lane. Library
preparation and sequencing was done by GATC Biotech
AG. The sequencing of the saffron crocus fragments was
performed on an Illumina MiSeq machine (300 bp paired
end reads). The library was prepared and barcoded using
the TruSeq DNA PCR-Free LT Sample Preparation Kit has
been quantified using the KAPA Library Quantification Kit
on a standard qRT-PCR machine, and the quality has been
checked on the Agilent Bioanalyzer using the Agilent High
Sensitivity DNA kit. All kits have been applied according
to the manufacturer’s protocols. The sample was sequenced
using the MiSeq Reagent Kit v3 according to manufacturer’s
protocols (Illumina Inc.) together with one other sample.

2.4. Sequencing Data Processing. All sequence reads were
cleaned in order to guarantee high quality data by removing
adaptor fragments, low quality regions (Q30), and short
sequences (<50 bp; <100 bp for saffron crocus MiSeq data)
from the datasets using in house developed Perl scripts. Then
sequence reads were analysed for their origin from potential
repetitive elements (REdat version 9.3 [31]), ribosomal data
(in house reference database based on ribosomal data from
NCBI and unpublished in house data), and chloroplast or
mitochondrion DNA (Oryza sativa ssp. japonica release 7
[32], Picea abies release 1.0 [33]). Due to the lacking genome
sequence of saffron crocus the rice genomic data was used as

reference for this step. The TE-related reads were included in
the further analysis to avoid an artificial bias against TEs.

All coverage calculations were performed by dividing
the sum of base pairs of the respective dataset by the size
of the studied sequences. The simulation to estimate the
minimal coverage necessary to identify the hypomethylome
of the whole genome was performed on the rice dataset
by randomly selecting reads from the combined dataset
with subsequent mapping to the genome sequence (Oryza
sativa ssp. japonica release 7 [32]) using bowtie2 with default
settings [34]. The identified regions were compared to the
genomic area covered with the complete combined dataset
using bedtools (version: 2.17.0; [35]) and the resulting overlap
was calculated.

2.5. Additional Analysis of Genome Sequences. Theseparation
of gene models into genes and TEs, the identification of the
1.000 bp up- and downstream flanking regions as well as exon
and intron regions in the analysed genomes, is based on the
annotation of genome release 7 for rice and genome release
1.0 for Norway spruce.

Frequencies of AciI and HpaII restriction sites in the
genomic sequence of rice [32], Arabidopsis (TAIR10; [36]),
poplar (JGI 2.0; [37]), grapevine (Genoscope v1; [38]),
Norway spruce (v1.0; [33]), maize (5b.60; [39]), sorghum
(JGI 1.4; [40]), and Brachypodium (MIPS 1.2; [41]) were
calculated using in house developed Perl scripts.The informa-
tion of AciI andHpaII frequencies inHomo sapienswas taken
fromhttp://tools.neb.com/∼posfai/TheoFrag/TheoreticalDigest
.human.html.

Known regulatory elements from publicly available
resources (JASPAR, Agris, AthaMap, Transfac, PLACE [42–
46]) were filtered for degenerated sites and a minimal length
of eight nucleotides tominimize the probability for the detec-
tion of nonfunctional patterns due to random occurrences
within the sequences.The remaining elementswere located in
the rice genome and assigned to the identified regions using
in house developed Perl scripts.

2.6. Reference Based and De Novo Assembly. The reference
guided assembly was performed by assigning all high qual-
ity read sequences to the genome sequences of rice [32]
or Norway spruce [33], respectively, using bowtie2 with
default settings [34] resulting in regions representing the
hypomethylated fragments. This was performed for each of
the datasets separately. In order to guarantee that the regions
used during downstream analyses do not represent false
positives due to problems during the mapping, sequencing
errors or technical problems during wet lab processes, only
genomic regions were retained comprising at least five reads.

The de novo assembly for each enzyme and the com-
bined dataset for rice and the dataset of saffron crocus
was performed using Trinity [47] with a minimal contig
length of 100 bp. The resulting contigs were evaluated by
mapping the high quality reads used for the assembly to
the assembled contig sequences using bowtie2 [34] and only
contigs consisting of at least five reads were retained, similar
to the reference based assembly. The contigs assembled for
the rice datasets were compared to the rice reference genome
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using blast (version: 2.2.21; 𝑒-value < 1𝑒 − 20; [48]) and
genomic coordinates were assigned to each contig based on
the best blast hit. For multiple occurrences with identical hit-
statistics both entries were retained (10% of contigs). Not
located contigs were subjected to a comparison to the NT
database of NCBI using blast (version: 2.2.21; 𝑒-value < 1𝑒 −
20; [48]).

2.7. Comparative Sequence Analysis. Genomic coordinates of
the reference based and de novo assembly were combined
using bedtools (version: 2.17.0; [35]) and in house developed
Perl scripts. Visualizations of the read location in the genome
were created using the Integrated Genome Viewer (IGV 2.3;
[49, 50]).

Additional methylation datasets for rice from the pub-
lications of He et al. [51], Yan et al. [14], and Li et al.
[52] were derived from the NCBI Sequence Read Archive
(SRA, http://www.ncbi.nlm.nih.gov/sra/). The retrieved raw
read information was subjected to the previously described
preprocessing procedures and only reads with quality scores
of more than Q30 and minimal length of 20 bp were used for
further analysis. The reads were mapped with the previous
described procedure to the rice genome.

The de novo assembled contigs of the saffron crocus
dataset were compared to the protein sequences or rice,maize
(5b.60; [39]), and Brachypodium (MIPS 1.2; [41]) using blast
(version: 2.2.21; 𝑒-value < 1𝑒 − 10; [48]).

3. Results and Discussion

3.1. Enzyme Selection. In a first analysis five different meth-
ylation-sensitive enzymes were analysed for their enrich-
ment potency. AciI, HpaII, and Bsh1236I are sensitive to
CpG methylation, while MspI and PspGI are sensitive to
CpH/WpG methylation. Although the restriction sites of
the enzymes differ (AciI (CCGC), HpaII (CCGG), Bsh1236I
(CGCG), MspI (CCGG), and PspGI (CCWGG)), they are
present in almost every gene and transposable element
allowing a genome wide study (Figure 1). For all enzymes
the resulting fragments were isolated and sequenced and
the obtained reads were mapped to the genomic sequence
of rice. Considering all reads the resulting hypomethylated
regions identified about 90% of the annotated gene models
of rice for all five enzymes. A clear depletion of transposable
elements was observed for the three CpG methylation-
sensitive enzymes AciI, Bsh1236I, and HpaII whereas both
CpH/WpGmethylation-sensitive enzymes (MspI and PspGI)
identified around 90% of the annotated transposable ele-
ments, therefore showing almost no depletion. Furthermore,
the covered area of the identified transposable elements for
the three CpG methylation-sensitive enzymes is very low
in comparison to the covered area of the gene models.
The depletion of transposable elements is even stronger
when only hypomethylated regions comprising at least five
reads are considered. This restriction causes a depletion of
identified transposable elements to 14% and at the same time
on average 68% of the gene models were identified. For
HpaII and AciI even 74% of the annotated gene models were
identified.
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Figure 1: Genes and transposable elements identified in the rice
genome with themethyl filtration technique.The regions comprised
of at least five reads (left), and all regions (middle) show a clear
depletion of transposable elements for AciI, Bsh1236I, and HpaII.
On the right a representation of genes and transposable elements
is given showing potential methylation sites within their gene space.
All values are shown in percent based on the annotated 39.954 genes
and 15.847 transposable elements.

Based on these results HpaII and AciI were selected
as enzymes showing the best gene space coverage and the
highest transposable element (TE) depletion.

3.2. Isolated Hypomethylated Fragments Are Preferentially
Located in the Gene Space. The sequenced MF fragments
were identified in the rice genome by mapping the high
quality sequence reads to the genome sequence. The analysis
was performed with a combination of both enzyme datasets,
further referred to as combined dataset, and each dataset
separately to investigate the complementarity of the two
enzymes, AciI and HpaII. The combined dataset resulted
in 129.810 regions representing 19% of the complete rice
genomic sequence with an average coverage per bp of 61x
integrating 80% of the reads. The single enzyme datasets
identified 98.355 regions for AciI (coverage: 20x, reads: 69%)
and 84.874 forHpaII (coverage: 40x, reads: 86%) representing
10% and 13% of the genome, respectively (see Figure 2 and
Figure 3).

Figure 3 shows the overlap between the three datasets.
All regions identified with the datasets of the single enzymes
were also identified with the combined dataset. The com-
parison between both enzyme specific datasets shows the
complementarity of both enzymes in respect of the identified
genomic area. Whereas an overlap between both enzymes
is clearly present, the majority of the identified genomic
area is identified by only one of the enzyme datasets. This
difference is mainly caused by the genomic location of the
specific restriction sites of the used enzymes. Figure 4 depicts
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Figure 2: Length distribution of genomic regions identified for AciI, HpaII, and the combined dataset in rice. The length distribution of
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and 2.000 bp, where an increase in length is visible for the combined dataset. Additionally, the amount of regions, the average and maximum
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Genome area Gene models Genes Transposable elements

Total 55.801 39.954 15.847

Combined 19% 37.247 67% 33.740 84% 3.507 22%

AciI 10% 31.981 57% 29.671 74% 2.310 15%

HpaII 13% 31.630 57% 29.029 73% 2.601 16%
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Figure 3: Overlap between the datasets in rice. The hypomethylated regions identified with the three datasets are compared focussing
on genomic area, annotated gene models (including both genes and TEs and their surrounding +/− 1.000 bp regions), and genes and TEs
separately. The total in each category is given in the table above while the overlap is visualized in the separate Venn diagrams.

an example of this scenario where distinct and overlapping
regions for both enzymes were identified due to absence of
the recognition sites for the other enzyme. The locations
of the specific sites also affect the length of the regions,
which is also reflected by their increased length in the

combined dataset compared to the single datasets, especially
in the range between 200 and 1.000 bp (Figure 2), showing
an advantage of using the combination of both enzymes. In
addition, the combined dataset identified extra 3Mb of the
genome which was not detected with only one dataset. These
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Figure 4: Complementary identification of genomic regions in rice due to restriction site locations. A detailed representation of the mapping
results is shown for both enzymes, AciI and HpaII. The identified regions around the displayed gene differ due to the lack of recognition sites
for the other enzyme. On the right, an example for overlapping but expanded regions is given.

additional regions contain reads from both single enzyme
datasets but did not exceed the minimal coverage applied
as quality insurance within each individually. Therefore they
represent overlapping regions between both single enzyme
datasets and could most likely also be identified separately
by increasing the initial sequencing coverage per enzyme
dataset.

Analysing the location of the regions within the genome,
it was found that 67% of the regions in the combined
dataset were identified either within a gene model (both
genes and TEs) or in their flanking 1.000 bp area. Separating
genes and TEs clearly shows the depletion of TEs and the
enrichment for the gene space (gene body and flanking
1.000 bp; see Figure 3). Of the 39.954 annotated genes 84%
were identified with the combined dataset, whereas of the
annotated 15.847 TEs only 22% showed a hypomethylated
region. This observation is also clear in both single datasets

(74% genes and 15% TE for AciI, and 73% genes and 16%
TE for HpaII; see Figure 3), which is also reflected in the
distribution of the isolated fragments across the genome
corresponding clearly with the locations of the genes and
opposing the distribution of TEs (Figure 5).

Detailed analysis of the locations emphasized the pref-
erence for the gene space and especially the gene body.
In the combined dataset 75% of the regions were located
within the gene space. Of those 67% are either located
within or overlapping exons. This preference is even more
prominent regarding the genomic area. 78% of the genomic
area identifiedwith the combined dataset is annotated as gene
space and thereof 76% is associated with exons (see Table 1).
Besides the enrichment for exons, another 16% of the isolated
regions that are located in the gene space represent parts of
the upstream 1.000 bp regions, of which 57% show known
transcription factor binding sites.
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the centromeric regions are also indicated and represented by green lines.

Table 1: Allocation of the identified hypomethylated regions to the gene space in rice: the position of the identified hypomethylated regions
is given in respect of the gene space together with the genomic area.

AciI HpaII Combined
Hypomethylated regions
Total 98.355 84.874 129.810
Gene space (±1.000 bp) 76.295 78% 62.655 74% 96.717 75%

Upstream 1.000 bp 13.342 17% 10.876 17% 15.629 16%
Downstream 1.000 bp 7.739 10% 6.398 10% 9.556 10%
Gene body 55.214 72% 45.381 72% 71.532 74%
Exon 48.933 64% 41.034 65% 64.622 67%
Intron 6.281 8% 4.347 7% 6.910 7%

Genomic area [bp]
Total 36.155.399 46.965.884 69.808.680
Gene space (±1.000 bp) 28.580.311 79% 36.521.506 78% 54.732.127 78%

Upstream 1.000 bp 4.439.728 16% 5.111.923 14% 6.931.498 13%
Downstream 1.000 bp 2.650.795 9% 2.949.893 8% 4.235.613 8%
Gene body 21.489.788 75% 28.459.690 78% 43.565.016 80%
Exon 19.739.225 69% 27.027.474 74% 41.407.771 76%
Intron 1.750.563 6% 1.432.216 4% 2.157.245 4%

Further comparative analysis with previously published
results showed that 20% of the identified upstream area
corresponds to regions of open chromatin in rice seedlings
[53] indicating a potential active state of promoter elements
in gene regulation. The isolation of hypomethylated regions
via MF does therefore not only provide a representation of
coding sequences within the gene space but does also provide
potentially active regulatory upstream regions.

3.3. SequencingCoverage Simulation to Identify theHypometh-
ylome of the Whole Genome. The overall sequence coverage
was estimated based on the size of the complete genome
sequence as 7x for the combined dataset, 3x for AciI, and
5x for HpaII, respectively, providing a reliable base for the
study of the hypomethylated regions of the complete genome.
For estimating the minimal coverage necessary to identify
the hypomethylome of the whole genome, a simulation was
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Figure 6: A simulation performed in rice to estimate the minimal
coverage necessary to identify the hypomethylome of the whole
genome was performed by randomly selecting reads from the
combined dataset with 7x coverage to represent different coverage
thresholds. The reads were allocated to the genome sequence and
compared to the result of the complete dataset (100%) regarding
genome area, gene space area, gene area, and exon area.

performed by randomly selecting reads from the complete
dataset to represent different coverage thresholds (2–7x) and
remapping these to the genome sequence.The recovery of the
allocated regions of the simulation datasets with the complete
dataset was calculated together with the identified genomic
area and the location within the gene space, gene body, and
exon area, respectively.Thedata showed only a slight decrease
in identified genomic area for 6x and 5x coverage. Also using
a coverage of 4x results in 96% of the identified genomic area.
But a clear decrease to 81% compared to the complete dataset
can be observed with a coverage of 2x, while with a coverage
of 3x still 92% were identified (Figure 6). The decrease of
gene space, gene body, and exon area showed a very similar
distribution.

Therefore we recommend a minimal coverage of 3-4x
for similar studies. Hence, both single enzyme datasets also
show enough coverage to represent the hypomethylome of
the whole rice genome.

3.4. De Novo Assembled Contigs of Hypomethylated Regions
Are Highly Similar to the Results of the Reference Based
Identification. The de novo assembly of the datasets resulted
in 187.168 contigs for the combined dataset integrating 82% of
the reads, 129.402 contigs for the enzyme AciI (reads: 70%),
and 111.390 contigs for HpaII (reads: 87%). The assembled
contigs were located in the rice genome, where 95% could
be identified. The contigs which could not be located within
the genomic sequence consist mainly of the additional reads
(2%) that could be assembled but could not be located with
themapping approach. A similarity search to theNTdatabase
ofNCBI indicated no genic origin for these contigs suggesting
a nongenic origin of the respective fragment with lower
evolutionary selection pressure. Hence these regions might
show more differences to the reference genome and could
therefore not be identified based on similarity thresholds.

The genomic area represented by the de novo assembled
contigs overlapped to 95% with the genomic area identified
by the mapping approach. One fifth of the nonoverlapping
genomic area was gained by the slightly longer regions
produced by the assembly approach. However, the majority
(about 80%) is mainly located in distinct regions close to
the centromere or genomic chloroplast and mitochondrial
regions as depicted in Figure 5. The de novo assembled
contigs which could be located in these genomic chloroplast
and mitochondrial regions showed differences to the plastid
genomes. Therefore these contigs most likely do represent
genomic hypomethylated regions, especially as all reads
which showed high similarity to the plastid sequences of the
chloroplast and the mitochondrion were filtered in the initial
preprocessing. However they show also enough sequence
differences to the published genomic sequence to prevent
their identification with the mapping approach, indicating
sequence variations between individuals which could hint to
regions under lower selective pressure.

However these differences originate mainly from the
HpaII dataset. The enzymes HpaII and AciI cleave only at
a potential cut site if nonmethylated cytosines are present,
therefore enriching hypomethylated regions. The observed
difference in the two datasets would suggest the differential
methylation of the recognition sites of the two enzymes, since
these regions show evenly distributed recognition sites for
both enzymes.

Comparing the hypomethylated regions identified in our
system with the data of Yan et al. [14] representing methy-
lated regions obtained by immunoprecipitation, we found
3% overlap. This overlap is mainly located in the regions
identified only by HpaII. This contradicting information also
suggests a different kind of methylation in these regions
which does not prevent HpaII to cleave at its recognition site,
while still preventing cleavage by AciI. The observed small
overlap between the hypomethylated regions and methylated
areas is also confirmed in the comparison to other datasets
(Figure 5). A comparison of our hypomethylated regionswith
the methylation study of He et al. [51] indicated methylation
in 8% of the genomic area identified as hypomethylated in
our study. Those regions might represent areas which are
differentially methylated in different individuals, develop-
mental stages, or tissues. Similar results have recently also
been shown in maize [54].

Our results of 19% identified hypomethylated regions in
the rice genome are furthermore in good agreement with
data of a previous study stating 76–91% genome coverage of
methylated regions [52].

3.5. Applicability of theMethod to Other Genomes. Thenearly
identical results of both the reference based mapping and the
de novo assembly demonstrate that a reliable representation
of the hypomethylated regions in a genome can be identified
not only if a reference genome sequence is available but also
by applying a de novo assembly approach. The applicability
of the method is however dependent on the frequency of
the recognition sites of the applied enzymes, which is in
rice 6.2 sites/kb for AciI and 2.8 sites/kb for HpaII. An in
silico analysis of several fully sequenced genomes showed
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a similar frequency in monocotyledon plants (AciI: maize
5.7 sites/kb, sorghum 4.1 sites/kb, Brachypodium 6.5 sites/kb;
HpaII:maize 3.3 sites/kb, sorghum2.2 sites/kb,Brachypodium
3.5 sites/kb). In other angiosperms and gymnosperms the
frequencies are less but similar to frequencies observed in
the human genome, where these enzymes are also used to
study genomewidemethylation patterns [21] (AciI: human 1.1
sites/kb,Arabidopsis 1.7 sites/kb, poplar 1.0 sites/kb, grapevine
0.9 sites/kb, Norway spruce 0.9 sites/kb; HpaII: human 0.8
sites/kb,Arabidopsis 1.1 sites/kb, poplar 0.7 sites/kb, grapevine
0.7 sites/kb,Norway spruce 0.5 sites/kb).This renders the pre-
sented technique highly applicable for nonmodel organisms
where no genome sequence is available.

3.6. Applicability to the Large Genome of Norway Spruce.
Despite the advances in sequencing technologies and the
still increasing amount of sequenced genomes in the last
decade one challenging issue remains especially for large
plant genomes: their high amount of repetitive regions in
the genome sequences. Genome sizes in plants range from
63Mb up to about 150Gb [55–57]. While gene size and
number are rather constant with 30.000–50.000 genes, the
differences in genome size are mainly due to the abundance
of repetitive DNA which represents the majority of the
genomic sequence [33, 36, 58, 59]. For example, the 20Gb
nuclear genome of Norway spruce contains 70% high copy
number repeats and only about 2.4% of the nuclear genomic
sequence, characterized as genes or gene-like fragments
(possible pseudogenes) [33]. Repetitive regions have proven
to be the main challenge in genome assembly approaches
especially when using whole genome shotgun approaches.
It has been suggested that silencing instead of chromosome
rearrangement is the predominant mechanism in Norway
spruce to deal with the high amount of repetitive regions [33].
One of the primary mechanisms that cause gene silencing
is the methylation of DNA [4, 16], which renders Norway
spruce a good example to emphasize the applicability of our
technique to large genomes. Our technique was applied to
isolate hypomethylated fragments from different samples of
Norway spruce using only HpaII. Additionally non-filtrated
genomic DNA was sequenced as comparison. Each dataset
was treated and mapped to the published genomic sequence
as described for the rice datasets. The resulting sequence
reads represent an average coverage of the Norway spruce
genome of 0.2x in the four samples and about 1x for the
random genomic sequences.

Due to the lower coverage in these datasets we do not
expect to gain the complete hypomethylome, although we
observe the same advantages of depletion of transposable ele-
ments and the enrichment for the gene space. Particularly the
comparison to the non-filtrated genomic dataset highlights
both effects of our technique (Figure 7). This clear depletion
and the similarity of the results to the rice results show that
our approach is applicable also for the large Norway spruce
genome and is not affected by the different composition of
the genome or other repeat-classes as it depends on the
DNA methylation pattern in the genome. However, as has
been seen in the rice data, different methylation pattern can
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Figure 7: Reads located within the gene space (gene and sur-
rounding +/− 1.000 bp regions) and the annotated TE (including
surrounding +/− 1.000 bp regions) in Norway spruce. A clear
enrichment of reads derived from gene regions and a clear depletion
of reads derived from TE regions are shown.

influence the detection. These results show the applicability
of the technique to large genomes.

3.7. Applicability to Polyploid Genomes. Additionally, our
technique has been applied to the triploid saffron crocus
genome using only HpaII on one sample. The resulting reads
have been preprocessed and de novo assembled as described
for the rice datasets. The genome of saffron crocus has so
far not been sequenced mainly due to its complexity. Its
genome was estimated to have a size of 10.3 Gb [60]. In
addition to its size it is a triploid genome most likely derived
through crossing between two closely related species [60–
62], introducing the complexity of polyploidy and different
allelic variants to the analysis which could affect the quality
and reliability of the assembly and the gene space detection.
However, we did not observe a decreased quality of the
de novo assembly as the analysis resulted in 13.986 contigs
integrating 81% of the sequence reads. Sequence comparison
to other monocotyledon plants showed a similar depletion
of transposable elements (1%) and a similar enrichment for
genes as 26% of the assembled contigs show similarity to
protein coding genes. The identification of regions located in
the flanking regions is not directly possible as no reference
genome is available; however, 47% of the contigs show known
regulatory elements, indicating the isolation of active regula-
tory regions.These results indicate that with our approach the
detection of the gene space including regulatory regions is not
affected when applied to polyploid genomes.

Although the overall genome coverage is rather small
(0.2x), the obtained results are comparable to the data of
Norway spruce and rice since a similar enrichment for
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the gene space and at the same time a clear depletion
of transposable elements was detected. The data obtained
on saffron crocus gave further support for the universal
applicability of the presentedmethod on awide range of plant
genomes, including also complex polyploid genomes.

4. Conclusions

Because of the large size and high complexity of many
plant genomes, particularly those of important crops, gene-
enriched sequencing strategies have been designed as an
alternative to whole genome sequencing in an attempt to
capture the gene space (genes plus regulatory elements) of
such genomes. One of these enrichment techniques, called
methyl filtration (MF), takes advantage of the difference in
methylation state of cytosine residues being present between
the gene space and repetitive elements.

With the present study performed on themodel organism
rice we demonstrate that with an improvedMRE-seqmethod
followed by de novo assembly, the hypomethylome and thus
the gene space of a plant can be easily accessed. Using
two methylation-sensitive restriction enzymes (HpaII and
AciI), 84% of the annotated coding regions of the rice
genome could be isolated, meanwhile, reducing the amount
of isolated transposable elements to one fifth. The latter is of
utmost importance to enrich the gene space as most plant
genomes consist of 50–80% of repetitive elements includ-
ing TEs. The presented method filters the genes including
exons and introns as well as their up- and downstream
flanking regions where regulatory elements are located. This
represents a clear advantage over traditional transcriptome
analysis approaches, which provide sequence data only of
exons of active genes.

De novo assembly shows almost identical results as ref-
erence based mapping of the sequence reads, demonstrating
the applicability of theMRE-seq approach to nonmodel plant
species where no fully sequenced genome is available. The
coverage needed for generating an informative snapshot of
a given genome is estimated as 3-4x. Small scale studies in
the large genome of Norway spruce and the polyploid saffron
crocus demonstrate the depletion of transposable elements
and enrichment for the gene space in nonmodel species and
complex plant genomes.

The overlap of our results with methylation data from
previous studies confirms the high potential of MRE-seq for
being applied in awide range of scenarios for the direct analy-
sis of methylation differences, for example, between ecotypes
and individuals, and within and across species. This new and
easy technique allows the fast and inexpensive generation of
data necessary for studying the role of epigenetics as a source
of adaptive variation in natural populations as well as crop
plants. It is especially helpful with regard to studying and
understanding the genomes of nonmodel organisms.

Conflict of Interests

Theauthors declare that there is no conflict of interests related
to the data presented in this publication.

Authors’ Contribution

Kornel Burg, Maria Berenyi, and Silvia Fluch designed the
experiment. Maria Berenyi and Karin Hansel-Hohl per-
formed sample collection and DNA extraction as well as
wet lab methyl filtration experiments. Elisabeth Wischnitzki
performed bioinformatics analyses. Silvia Fluch and Kornel
Burg advised in experimental design and assisted in concep-
tual data analysis. Elisabeth Wischnitzki and Eva Maria Sehr
drafted the paper. Silvia Fluch coordinated the project and
edited the paper. All the authors read and approved the final
version of the paper.

Acknowledgment

The authors wish to thank the AIT Austrian Institute of
Technology GmbH for financial support.

References

[1] M. Y. Kim and D. Zilberman, “DNAmethylation as a system of
plant genomic immunity,” Trends in Plant Science, vol. 19, no. 5,
pp. 320–326, 2014.

[2] R. Gutzat and O. Mittelsten Scheid, “Epigenetic responses to
stress: triple defense?” Current Opinion in Plant Biology, vol. 15,
no. 5, pp. 568–573, 2012.

[3] T. J. Hardcastle, “High-throughput sequencing of cytosine
methylation in plant DNA,” Plant Methods, vol. 9, no. 1, article
16, 2013.

[4] P. D. Rabinowicz, R. Citek, M. A. Budiman et al., “Differential
methylation of genes and repeats in land plants,” Genome
Research, vol. 15, no. 10, pp. 1431–1440, 2005.

[5] J. Wang, N. C.Marowsky, and C. Fan, “Divergence of gene body
DNAmethylation and evolution of plant duplicate genes,” PLoS
ONE, vol. 9, no. 10, Article ID e110357, 2014.

[6] F. M. Piccolo and A. G. Fisher, “Getting rid of DNA methyla-
tion,” Trends in Cell Biology, vol. 24, no. 2, pp. 136–143, 2014.

[7] N. Widman, S. Feng, S. E. Jacobsen, and M. Pellegrini, “Epi-
genetic differences between shoots and roots in Arabidopsis
reveals tissue-specific regulation,” Epigenetics, vol. 9, no. 2, pp.
236–242, 2014.

[8] Y.-Y. Zhang, M. Fischer, V. Colot, and O. Bossdorf, “Epigenetic
variation creates potential for evolution of plant phenotypic
plasticity,” New Phytologist, vol. 197, no. 1, pp. 314–322, 2013.

[9] K. D. Kim, M. El Baidouri, and S. A. Jackson, “Accessing epige-
netic variation in the plant methylome,” Briefings in Functional
Genomics, vol. 13, no. 4, pp. 318–327, 2014.

[10] N. Plongthongkum, D. H. Diep, and K. Zhang, “Advances in
the profiling of DNA modifications: cytosine methylation and
beyond,” Nature Reviews Genetics, vol. 15, no. 10, pp. 647–661,
2014.
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[49] J. T. Robinson, H.Thorvaldsdóttir, W. Winckler et al., “Integra-
tive genomics viewer,” Nature Biotechnology, vol. 29, no. 1, pp.
24–26, 2011.
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