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summary, we present a comprehensive pipeline for identi-
fying genes in insect genomes that can be widely used to 
improve the annotation quality in insects. OMIGa is pro-
vided at http://ento.njau.edu.cn/omiga.html.
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Introduction

as the cost of Dna sequencing has dramatically reduced, 
an increased number of genome sequencing projects have 
begun. entomologists jointly launched the i5k initiative, 
which intends to sequence the genomes of 5,000 insects 
(robinson et al. 2011). Insect genome annotation remains 
challenging because most insects have high heterozygo-
sity, and their genomes have not been assembled as well as 
those of model species. This makes it difficult to obtain a 
list of high-quality genes. Several genome annotation pipe-
lines have been developed and were used for annotating 
insect genomes such as those of Drosophila melanogaster 
(adams et al. 2000), Bombyx mori (Xia et al. 2004), and 
Anopheles gambiae (Holt et al. 2002). However, these pipe-
lines must be carefully optimized because of the high hete-
rozygosity, and some errors have been found in the annota-
tions of complex genomes (Jouraku et al. 2013). Therefore, 
it is necessary to develop a pipeline for predicting protein-
coding genes from high-heterozygosity insect genomes.

There are several strategies for genome annotation. 
The most straightforward method is to predict protein-
coding genes from genomes using de novo prediction 
software such as GeneScan (ramakrishna and Srinivasan 
1999; aggarwal and ramaswamy 2002), GenomeScan 
(Yeh et al. 2001), and augustus (Stanke and Morgenstern 

Abstract Insects are one of the largest classes of animals 
on earth and constitute more than half of all living species. 
The i5k initiative has begun sequencing of more than 5,000 
insect genomes, which should greatly help in exploring 
insect resource and pest control. Insect genome annotation 
remains challenging because many insects have high levels 
of heterozygosity. To improve the quality of insect genome 
annotation, we developed a pipeline, named Optimized 
Maker-Based Insect Genome annotation (OMIGa), to pre-
dict protein-coding genes from insect genomes. We first 
mapped rna-Seq reads to genomic scaffolds to determine 
transcribed regions using Bowtie, and the putative tran-
scripts were assembled using Cufflink. We then selected 
highly reliable transcripts with intact coding sequences to 
train de novo gene prediction software, including augus-
tus. The re-trained software was used to predict genes 
from insect genomes. exonerate was used to refine gene 
structure and to determine near exact exon/intron bound-
ary in the genome. Finally, we used the software Maker 
to integrate data from rna-Seq, de novo gene prediction, 
and protein alignment to produce an official gene set. The 
OMIGa pipeline was used to annotate the draft genome 
of an important insect pest, Chilo suppressalis, yielding 
12,548 genes. Different strategies were compared, which 
demonstrated that OMIGa had the best performance. In 

Communicated by Q. Xia.

J. liu · H. Xiao · F. li (*) 
Department of entomology, College of Plant Protection,  
nanjing agricultural University, nanjing 210095, China
e-mail: lifei@njau.edu.cn

J. liu · S. Huang 
College of Information Science and Technology, nanjing 
agricultural University, nanjing 210095, China

http://ento.njau.edu.cn/omiga.html


 Mol Genet Genomics

1 3

2005). These programs were developed using principles of 
machine learning, such as hidden Markov models, support 
vector machines, and neural networks. recently, rna-
Seq has been widely used to obtain the transcriptomes 
of species of interest. In contrast to expressed sequence 
tags (eST), rna-Seq data can be used to detect very low 
abundance transcripts because it has deep coverage. Thus, 
transcriptome data are used to determine the transcribed 
regions of a genome by mapping raw rna-Seq reads to 
genomic scaffolds. Some programs, such as PaSa (Haas 
et al. 2003) and G-Mo.r-Se (http://www.genoscope.cns.fr/
externe/gmorse/), have been developed to integrate rna-
Seq data into genome annotation. In addition, many algo-
rithms also consider the alignment of refSeq proteins with 
the genomic scaffolds to refine the gene structure. The pro-
grams Glean and Maker were developed to integrate three 
kinds of genetic evidence: de novo gene prediction, gene 
expression, and protein homology evidence (elsik et al. 
2007; International Silkworm Genome 2008; richards 
et al. 2008; Smith et al. 2011a, b; Suen et al. 2011; Zhan 
et al. 2011; You et al. 2013).

although these programs have been applied to insect 
genome annotation, and have been used to successfully 
obtain a catalog of genes in some insects, there are sev-
eral major disadvantages in annotating high-heterozygo-
sity insect genomes. (1) De novo gene prediction soft-
ware must be trained to achieve high accuracy. However, 
known genes are limited because the genomes of insects 
are less well studied than those of vertebrate model organ-
isms. Thus, it is difficult to find enough insect genes for 
training (robinson and Baumgartner 2011). In this case, 
the genes from a closely related species were often used 
as the training set. (2) normally, insect rna-Seq data 
are not as much available as model organisms. There-
fore, the transcription evidence is not sufficient for those 
insects that are not well studied. (3) The n50 length of 
insect genomic scaffolds is generally not as long as that of 
model organisms, which reduces the reliability of de novo 
gene prediction.

Here, to overcome these disadvantages, we developed 
a computational pipeline, named Optimized Maker-Based 
Insect Genome annotation (OMIGa), to identify protein-
coding genes from insect genomes with high heterozy-
gosity. In OMIGa, we mixed rna-Seq data from differ-
ent developmental stages of insects and mapped them to 
genomic scaffolds. This helped us to identify transcribed 
regions in the genome. next, we extracted ≈1,000 high 
reliability genes from the assembled rna-Seq data and 
used them as the training set to re-train de novo gene pre-
diction software. This significantly increased the accuracy 
of de novo prediction. The results indicated that OMIGa 
has better performance than conventional insect genome 
annotation strategies.

Materials and methods

Data

Genome and transcriptome data from an important 
rice insect pest, Chilo suppressalis, were obtained by 
genomic sequencing using an Illumina platform (Ga II). 
The whole genome shotgun project has been deposited 
in DDBJ/eMBl/GenBank under the accession number 
anCD00000000. raw rna-Seq data are available under 
the accession number Sra060774. Detailed descriptions of 
these data have been reported in another manuscript (under 
review). The genome data were stored in standard Fasta 
format, whereas rna-Seq sequencing reads were stored 
in Fastq format. Invertebrate refSeq proteins were down-
loaded from the refSeq database (Pruitt et al. 2007). The 
nCBI non-redundant protein database was used for func-
tional annotations.

Identifying repeat sequences

We used the software repeatMasker to identify known 
repeat sequences in the genomic scaffolds (Tempel 2012). 
novel repeat sequences were predicted by repeatModeler, 
which includes two de novo programs, reCOn (Bao and 
eddy 2002) and repeatScout (Price et al. 2005). Both pro-
grams were used with default parameters.

Mapping rna-Seq raw data with the genome scaffolds

Bowtie was used to align rna-Seq raw reads with 
genomic scaffolds to collect expression data (langmead 
et al. 2009). next, TopHat was used to determine the exon/
intron junctions within the genome. Finally, we used Cuf-
flinks to obtain putative transcripts (Trapnell et al. 2009, 
2010, 2012). We named these transcripts the Cufflink gene 
set. This step determined the transcribed regions of the 
scaffolds. all programs were used with default parameters. 
The numbers and lengths of transcripts depended on the 
depth and coverage of rna-Seq. The transcripts that were 
expressed only at a specific stage were more difficult to 
locate. Most transcripts identified by this step were incom-
plete because of sequencing bias.

re-training de novo gene prediction software

To obtain high accuracy, de novo gene prediction software 
must be re-trained before it can be used for insect genome 
annotation. The best training strategy is to use sufficient 
genes of the same species as the training dataset (Makarov 
2002). To collect enough genes for training, we selected 
transcripts from the Cufflink genes. The criteria were as 
follows. (1) The transcripts were annotated as protein genes 
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using BlaSTX with an E value <1e−5. (2) The open read-
ing frame (OrF) length of the transcript was more than 
80 % of that of its orthologs in the refSeq sequences. (3) 
Both BlaSTX and TransDecoder identified the same OrF. 
(4) For better training, genes with a single exon were also 
included. These genes were used to re-train the prediction 
software such as augustus (Stanke et al. 2006) and SnaP 
(Korf 2004). For GeneMark, more than 10 Mb of genome 
sequence was used to re-train the software (lukashin and 
Borodovsky 1998). The default parameters were used for 
training.

aligning protein sequences with the genome

Invertebrate refSeq protein sequences were aligned with 
the genome scaffolds using BlaSTX. To get more inform-
ative alignments, we used the program exonerate to pol-
ish BlaST hits. exonerate realigns BlaST hit sequences 
around splice sites. The alignment result has a high level of 
quality and therefore can be used to determine intron/exon 
boundary (Slater and Birney 2005).

evidence integration

We obtained three kinds of genetic evidence by the above 
analyses. To produce a consensus gene dataset, we inte-
grated all types of evidence using the software Maker with 
default parameters (Cantarel et al. 2008).

Results

OMIGa pipeline

The OMIGa pipeline is shown in Fig. 1. a shell script was 
written to execute each step of the pipeline with a configu-
ration file. The parameters can be set flexibly according to 
the requirements. OMIGa runs on a linux operating sys-
tem and requires at least four gigabytes of random-access 
memory. Perl scripts were used to process intermediate 
data and convert different file formats. The Perl package 
(version 5.8.0 or higher) and the Mysql database manage-
ment system are required. The open source of OMIGa can 
be obtained from http://ento.njau.edu.cn/omiga.html. The 
software used in this pipeline is listed in Table 1.

OMIGa can be divided into four steps: mapping rna-
Seq data with the genome, re-training augustus and SnaP, 
mapping invertebrate refSeq proteins to the genome, and 
integrating genetic evidence using Maker. Genes meeting 
either of the following criteria were kept: (1) de novo pre-
dicted genes with homologs in the refSeq dataset; (2) a 
region of >30 % of a de novo predicted gene that could be 
mapped with rna-Seq data.

applying the OMIGa pipeline to find genes in an insect 
genome

We sequenced the genome of the rice insect pest C. sup-
pressalis using Illumina Solexa, yielding 670 Mb of draft 
genome data. Unfortunately, this assembly of this draft 
genome was of poor quality because of high heterozygo-
sity. The scaffold n50 was only 5.2 kb. Moreover, only 13 
known C. suppressalis genes were available in the Gen-
Bank database, which was not sufficient to train de novo 
prediction software. To overcome these disadvantages, we 
applied the OMIGa pipeline to identify protein-coding 
genes in the C. suppressalis genome. We screened 222 
single-exon transcripts and 612 multiple-exon transcripts to 
train augustus and SnaP. all of these transcripts had intact 
OrFs. after integrating the homology and expression evi-
dence, 12,548 protein-coding genes were identified in the 
draft genome of C. suppressalis.

Augustus, SNAP, GeneMark gene 
prediction

Choose complete and reliable 
genes

Genome sequences

Remove of repetitive sequences

RNA-Seq data
Genome without 

repetitive sequences
RefSeq protein

sequences

Find transcripts by Cufflinks 

Genes identified by Cufflinks

Homologous gene 
identified by Exonerate

Homologous gene
Augustus 

Genes
SNAP 
Genes

GeneMark
Genes
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Final gene dataset
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Fig. 1  Optimized Maker-Based Insect Genome annotation 
(OMIGa) pipeline. repeat sequences were removed by repeatMas-
ker. Cufflinks was used to obtain a reliable gene set for training gene 
prediction software. Maker was used to integrate different types of 
genetic evidence and to generate a consensus gene dataset
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assessing the OMIGa pipeline

To evaluate the performance of OMIGa, we designed three 
additional strategies to annotate the draft genome of C. 
suppressalis.

Strategy I: We used 1,000 Monarch butterfly genes 
(including 168 single-exon genes) to train augustus and 
SnaP (Zhan and reppert 2013). To re-train GeneMark, 
we used 20 Mb of Monarch butterfly genome sequence 
as the training dataset. The final gene set was obtained by 
integrating de novo gene prediction and protein alignment 
evidence.

Strategy II: Monarch butterfly genes were used as the 
training set. The rna-Seq data was mapped with genomic 
scaffolds to determine the transcribed regions. The final 
gene set was obtained by integrating de novo gene predic-
tion, protein alignment, and rna-Seq data.

Strategy III: We selected 834 C. suppressalis genes from 
the Cufflink gene set as the training set. To train Gene-
Mark, we used 20 Mb of C. suppressalis genome sequence 
as the training dataset. The final gene set was obtained by 
integrating de novo gene prediction and protein alignment 
evidence.

Compared with these three strategies, OMIGa had the 
best performance in terms of gene number, the number 
of homologous genes, and n50. Strategies I and II used 
the genes of a closely related species as the training set. 
Strategy II was inferior to OMIGa and strategy I was 
worse than strategy III, suggesting that genes from the 
same species should be used as the training set to improve 
accuracy. Strategy II and OMIGa both used rna-Seq 
data to integrate transcription evidence. These two strat-
egies were better than strategies III and I, respectively 
(Table 2).

Table 1  Software packages used in the OMIGa pipeline

Classification Software package Functional description

repetitive sequence identification repeatMasker Identify the repetitive sequences of the genome

repeatModeler/reCOn/repeatScout De novo predict the repetitive sequence in the genome and 
establish the repetitive sequence library

Identification expression gene Bowtie Map the short reads to the genome

TopHat Identify the splicing junctions

Cufflinks Determine transcript structure

Gene prediction augustus De novo predict protein-coding genes from the genome. The 
accuracy relies on the re-training

SnaP De novo predict protein-coding genes from the genome. 
re-training is necessary. The accuracy is relatively low in 
predicting long intron genes

GeneMark De novo predict protein-coding genes from the genome. Use 
>10 M genome of the species specific for self-training. re-
training is necessary. The accuracy is relative low in predict-
ing long intron genes

Identification protein homologous gene exonerate Global sequence alignment tool, use protein sequence to align 
genome to find the conserved domain of homologous genes

Gene synthesis Maker Integrate gene evidence of various aspects to produce consist-
ent gene set

Others TransDecoder Identify the coding region on nucleotide sequences

Blast Sequence alignment tool

Samtool Process alignment results

Fastx_toolkit Process short sequence file

BioPerl Perl module

Table 2  Comparison of results of four annotation strategies

Strategy Training set expression evidence Total genes nr homologous genes (1e−5) n50

Strategy I Monarch butterfly gene none 6,034 5,102 862

Strategy II Monarch butterfly gene Cufflinks genes 11,067 9,062 1,103

Strategy III Cufflinks identification gene none 7,993 6,544 1,086

OMIGa Cufflinks complete gene Cufflinks genes 12,548 10,221 1,283
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CeGMa evaluation

CeGMa is a software that has been widely used for evalu-
ating gene space of the assembled genome. There are 458 
highly conserved clusters of orthologous groups (COGs) in 
eukaryotic genomes (Parra et al. 2007). We used CeGMa 
to identify COGs in the annotation results by different strat-
egies. The numbers of COGs found by strategies I, II, and 
III and OMIGa were 302, 332, 322, and 348, respectively 
(Fig. 2). at least 65 % of COGs could be found by either 
approach. OMIGa identified more COGs than the other 
three strategies, suggesting it had a better performance. The 
transcriptome that was directly assembled from rna-Seq 
data contained 346 COGs. However, the transcript lengths 
were shorter than the genes identified by the OMIGa pipe-
line, demonstrating that identifying genes from the genome 
is a better method than rna-Seq assembly alone.

Discussion

an increasing number of insect genomes have been 
sequenced, and insect genome annotation has become an 
important and challenging task. Here, we developed a pipe-
line, named OMIGa, to identify protein-coding genes from 
insect genomes. The final gene set was obtained by inte-
grating de novo prediction, rna-Seq data, and homology 
evidence. assessment analysis indicated that the OMIGa 
pipeline performed better than the other three strategies 
used. This pipeline can be widely used for insect genome 
annotation to obtain a catalog of highly reliable genes.

each type of evidence used in genome annotation has 
advantages and disadvantages. In theory, it is possible to 
obtain all genes by de novo prediction, but this method has 

a high false-positive rate. Conserved genes can be found by 
protein alignment, but it is difficult to identify novel genes 
from an insect genome using this method. rna-Seq data 
have the highest reliability, but do not effectively detect 
genes expressed at low levels. Therefore, integrating these 
different types of evidence to produce a final gene set is the 
best strategy.

Considering the high complexity of insect genomes, we 
specifically re-trained de novo prediction software. Because 
most insect pests are not well studied, we selected hundreds 
of protein-coding genes from the rna-Seq assembly as the 
training set. This dramatically increased the accuracy of de 
novo prediction.

Because many insects have a highly complex genome, 
we recommend the following aspects must be considered in 
sequencing an insect genome:

1. To obtain as many transcripts as possible, it is better 
to use a mixed sample for rna-Seq sequencing. This 
provides much more transcription data for subsequent 
gene prediction.

2. It is important to construct a training dataset containing 
genes from the same species, which can be obtained 
from the rna-Seq data.

3. Many insect genomes have high heterozygosity. Thus, 
it is difficult to obtain a high n50 in the genome 
assembly. We found that the OMIGa pipeline can still 
find reliable genes from an incomplete genome. Thus, 
we suggest that pursuing a higher n50 at high cost is 
unnecessary.
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