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ABSTRACT 

  

Honey bees are key agricultural pollinators and a research model for social behavior and 

the evolution of eusociality. Generation of reliable gene predictions is critical to the success of 

laboratory experiments and comparative analyses for sequenced genomes. The honey bee 

genome, published in 2006 by the Honey Bee Genome Sequencing Consortium, had fewer 

predicted genes than expected, partially due to a lack of transcriptome data and protein homologs 

from closely related species. As part of ongoing Consortium efforts, genomes of two closely 

related taxa were sequenced, dwarf honey bee (Apis florea) and buff-tailed bumble bee (Bombus 

terrestris), the draft A. mellifera genome was improved with additional sequence, and multiple A. 

mellifera tissue transcriptomes were sequenced. The Consortium predicted genes using seven 

methods and used these data to produce an improved official gene set (OGSv3.2) with ~5000 

more protein-coding genes than the first set (OGSv1.0).  

We present our approach to detect previously unknown genes in A. mellifera. We found 

new genes through both improvements in genome assembly completeness, and changes to 

prediction pipelines and additional transcript and homology evidence. The later set of new genes 

were shorter, less likely to overlap evidence alignments, and had a different surrounding genome 

GC content than previously predicted genes, which made them challenging to predict. Based on 

these findings, new genome projects will benefit from more effective gene prediction strategies.  
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We focused on the N-SCAN method specifically, to determine if it predicted more genes 

than were in OGSv1.0. N-SCAN leveraged the sequence conservation between A. mellifera and 

the two additional bee genomes to predict genes not found by other prediction pipelines. 

Therefore, N-SCAN proved useful and is a worthwhile tool to include in gene prediction efforts 

where closely related sequenced species are available. 

We identified 4,277 genes specific to A. mellifera or to lineages within the insect order 

Hymenoptera. We detected lineage-specific genes using homology to other species’ genomes 

and proteins, and propose mechanisms for their emergence. We identified genes with tentative 

roles in brood care, immunity, defense and other processes important to hive health, and thus 

associated with the evolution of eusociality in Apis.   
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INTRODUCTION AND LITERATURE REVIEW 

 Lack of quality protein-coding gene predictions hinders research progress on newly 

sequenced genomes.  High quality protein-coding gene predictions are those that accurately 

encode real proteins with correct start codons, splice sites, and stop codons.  Without dependable 

gene predictions, primer design for candidate genes investigated in everyday laboratory 

experiments will not be successful, nor will development of technologies for targeted exome 

sequencing, epigenetic studies and other genetic tools.  Additionally, comparative genomic 

analyses aimed at understanding evolutionary patterns across taxa require reliable gene 

predictions in order to accurately search and discover homologous sequences in other genomes 

or protein databases.  It is essential that accurate gene predictions be generated for every genome 

lest the experiments based on them fail or are not undertaken.  However, there are numerous 

challenges to the production of high quality gene predictions including data availability, genome 

and transcriptome assembly quality, and computational gene prediction accuracy. 

Computational gene prediction is known to produce errors including false positive 

predictions, incomplete predictions and predictions that correspond to incorrectly split or merged 

genes.  Because computational gene predictions are not always correct, the best way to produce a 

high quality gene prediction set is to manually annotate gene predictions.  This requires viewing 

each prediction along with all available transcript and protein homolog evidence, often in a 

graphical environment such as Apollo [1].  The annotator can then inspect each gene structure 

and compare it to the available evidence to make sure it has a complete sequence with correct 

intron and exon boundaries.  This work takes a considerable amount of time per gene, so it is 

impractical to manually annotate each gene to produce a final gene set in most cases.   
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In addition, as the volume of data to annotate continues to increase, there simply are not 

enough people to individually vet gene predictions.  New sequencing technologies, with 

decreasing costs and increasing efficiency, are leading to an explosion in the number of genome 

and transcriptome sequencing projects.  The decreasing sequencing costs have lowered the 

barrier to genome sequencing for small research groups, many of whom lack the bioinformatics 

expertise found in larger sequencing consortiums to perform sequence analysis and the staffing 

to manually annotate individual assembly or gene prediction issues.  Because trained annotators 

are at a premium, researchers must still rely heavily on computational sequence analysis 

algorithms.  Despite the drastic improvement in sequencing technology, the development of 

improved algorithms has not kept pace and bioinformaticians who specialize in gene prediction 

are also at a premium.  These limitations are inhibiting research of non-model organisms, which 

have previously received less attention and funding toward the development of genetic and 

genomic tools.  Therefore, this motivates improvement of computational gene prediction 

algorithms in order to reduce the error rate of gene prediction and also to decrease the need for 

manual annotation. 

To further understand the challenges in computational gene prediction, we have taken 

advantage of the efforts of the Honey Bee Genome Sequencing Consortium, which undertook an 

entire gene prediction effort for Apis mellifera seven years ago [2] and recently repeated the 

process with new data [3].  The combined data from these two gene prediction efforts represents 

a valuable resource because most often gene prediction sets are improved incrementally as data 

or algorithms change, rather than being completely redone.  These data provided an opportunity 

to compare how differences in genome assembly quality, data availability, and gene prediction 

tool development have contributed to the differences between the old (OGSv1.0) and new 
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(OGSv3.2) gene prediction sets.  We compared transcript and protein homology evidence with 

these old and new gene predictions to characterize features of difficult-to-predict genes in A. 

mellifera.  We also specifically investigated how genomic sequence conservation evidence added 

to the new gene prediction set.  Subsequently, we used the improved gene predictions, along with 

the numerous additional species’ genome assemblies that have recently been produced, to detect 

lineage-specific genes. 

 

Honey bee as a model organism 

 A. mellifera is known as the Western, European and Common honey bee, or simply as the 

honey bee [4].  Honey bees are a key pollinator species, and therefore have significant economic 

importance to agriculture.  It is estimated that the pollination services alone that bees provide are 

worth $15 billion dollars annually [5].  In addition, honey bees produce products including 

honey, wax, propolis, pollen, royal jelly, and venom; many of which are used as health 

supplements [4].   

Honey bees are also a model organism for behavioral and evolutionary research into 

sociality, learning, language, caste development, and developmental plasticity [4].  As a eusocial 

insect, honey bees live in close proximity to each other within hives and cooperate as a society 

with division of labor between castes.  Each hive contains a single queen bee, which is generally 

the only reproductively active female in a healthy hive.  The remaining female bees act as 

workers that have different jobs dependent on their age, with the youngest workers acting as 

nurse bees and the oldest as foragers [4].  The workers are smaller and have a shorter lifespan 

than the queen [4].  These phenotypic differences between queens and workers are the result of 

an epigenetic mechanism controlled by the feeding of a substance called royal jelly to the 
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prospective queen larvae.  Either royal jelly feeding or experimentally silencing DNA 

methyltransferase Dnmt3 results in a different methylation pattern across the genome of the 

queen relative to the genetically identical workers, which leads to the queen bee phenotype [6].   

 

Genomic features of honey bees 

A. mellifera is a model species for this study because its genome contains unique features 

that may impact gene prediction.  One of the genomic features of relevance to these analyses is 

the fact that at the time of sequencing, A. mellifera was the most AT-rich metazoan genome then 

known with 67% A+T nucleotides [2].  Despite no longer being the most AT-rich of the 

sequenced genomes, high AT content is a challenge in gene prediction and identification in A. 

mellifera of methods to improve gene prediction may benefit annotation efforts in the growing 

range of species.    

Other features of the A. mellifera genome include its heterogeneity in GC content and the 

unequal distribution of genes across the genome with respect to GC content.  GC compositional 

domains, also known as isochores, are genomic stretches with homogeneous G+C composition 

within domains and highly variable G+C composition between domains.  Features associated 

with genomic architecture including gene and exon density, repeat content, recombination rate 

and distance to the telomere have been correlated with GC content in the human genome [7, 8].   

Compared to other sequenced insects, not only is the GC content of the A. mellifera 

genome low, but the genes also reside in the lower GC content domains of the genome [2].  This 

is in contrast to other sequenced insects like Drosophila melanogaster and Anopheles gambiae, 

whose genomes have a narrower range of GC content domains and the distribution of genes 

closely mirrors the genome composition [2].   
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Computational gene prediction methods 

 Gene predictions will always be hypotheses, but the more reliable ones are based on 

abundant high-quality evidence by sophisticated algorithms.  Automated gene prediction 

algorithms differ in many ways, including how they generate prediction parameters for gene 

features and the amount and types of evidence they consider.  Algorithms are often classified as 

either ab initio or as evidence-based, although some algorithms use a combination of both 

methods [9].  Evidence-based gene prediction relies on similarity with expressed sequence data 

and/or protein homologs.  Newly sequenced genomes without an adequate amount of expression 

data available for the taxon itself might rely on the alignment of protein sequences from other 

species; however any genes without an identifiable homolog in another species will be missed.  

Ab inito predictors use statistical models to detect patterns associated with gene features 

including start and stop codons, splice sites, and nucleotide and codon usage [9] enabling them to 

predict genes for which there is no expression or homolog evidence available.   

 Both ab initio and evidence-based methods were used in the honey bee gene prediction 

efforts [2, 3, 10] including the NCBI RefSeq and Gnomon pipelines [11], Ensembl [12], 

Augustus [13], GeneID [14], SGP2 [15], Fgenesh [16], and N-SCAN [17].  In addition to these 

gene prediction pipelines, Evolutionary Conserved Core and Drosophila Ortholog sets were used 

in the first honey bee gene prediction effort with the goal of identifying homologs, rather than 

predicting a full gene set [2, 10]. 

NCBI’s gene prediction pipeline uses a combination of ab initio and evidence-based gene 

prediction methods [11].  The ab initio methods are used in three distinct ways [18].  First, in the 

case of a gene prediction completely supported by evidence, scores from ab initio predictions are 
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used to evaluate the alignments of coding sequence to locate the optimal alignment.  Second, in 

the case of a partially supported gene prediction, the partial evidence alignment is extended using 

ab initio prediction.  Third, where no experimental evidence is available for a locus, an ab initio 

prediction is generated [18].   

The gene prediction process at NCBI starts with masking repeats in the assembly, then 

transcript and protein evidence is collected from multiple sources including RefSeq transcripts 

and proteins, ESTs and long RNAseq sequences from the species of interest, as well as 

transcripts and proteins from taxonomically related species [11].  Sequences are aligned locally 

to the genome using BLAST, then transcript alignments are refined using Splign to identify 

splice sites and proteins are realigned using ProSplign.  Each alignment is then ranked based on 

criteria that include coverage and identity.  The best alignment is chosen for downstream 

prediction steps [11].  

Non-conflicting alignments are chained together into putative predictions, and partial 

predictions are extended using Gnomon, a hidden Markov model (HMM) based algorithm.  

Additionally, Gnomon creates ab initio predictions at loci where evidence is not available, but 

there are open reading frames of sufficient length.  These predictions constitute the first 

prediction set, which is then refined using alignments of proteins from NCBI’s Non-Redundant 

(NR) protein database.  These alignments are added to the first set of alignments and then the 

chaining and ab initio steps are repeated to constitute the final set of Gnomon predictions [11].   

An NCBI RefSeq prediction set is generated by choosing the best aligned same-species 

RefSeq transcript at a given locus in place of a Gnomon prediction at the same locus.   If a 

RefSeq transcript alignment is not available then the Gnomon predictions are evaluated on 

several criteria including their level of support and homology to transposable and retro-
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transposable elements.  For most taxa, only Gnomon predictions with some level of support are 

elevated to the RefSeq prediction set [11]. 

Ensembl predictions are evidence-based, relying on mRNA and protein sequences 

deposited in public databases [12].  In the first stage, proteins from the species of interest are 

aligned to the repeat-masked genome.  These alignments are used by GeneWise [19] to generate 

a transcript model.  In the next stage, proteins from related species are used to build transcripts in 

loci where no species-specific transcript models are available.  Next, species-specific cDNA 

sequences are aligned to the genome.  If a cDNA overlaps a transcript model generated from a 

protein, then any non-translated regions are added to the transcript.  Merging identical transcripts 

generates the final gene predictions such that non-redundant transcript models constitute multi-

transcript gene predictions for the final set [12]. 

Augustus is an HMM-based ab initio gene prediction program that can incorporate 

extrinsic evidence as “hints” when available [13].  This extrinsic evidence can take the form of 

EST and protein alignments or expert knowledge.  Hints are incorporated in a probabilistic 

manner such that hints that completely disagree with intrinsic evidence can be ignored [13].  

However, Augustus ultimately aims to increase specificity when hints are used because sequence 

with an absence of hints slightly favors non-coding sequence.  Therefore, potentially false-

positive exons predicted by the ab initio gene finder are less likely to be incorporated into the 

model because their score is decreased [13]. 

GeneID is an ab initio gene prediction tool [14].  “Position weight arrays” are used in the 

first step to score predicted splice sites and start and stop codons in the assembly.  Exons are then 

built from the sites and scored as the sum of the defining sites, plus the score from a Markov 

model for coding DNA.  Last, the gene models are generated from predicted exons such that the 
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sum of the scores of the assembled exons is maximized.  While GeneID is an ab initio predictor, 

it does allow predictions from other sources to be integrated [14]. 

SGP2 is an evidence-based gene prediction tool that uses TBLASTX [20] to identify 

regions of similarity between the genome of interest (target genome) and an informant genome 

[15].  These regions of similarity are imported into GeneID where they are used to modify the 

scores of the GeneID predicted exons prior to the gene assembly step.  The goal is to promote 

regions with conservation into the final gene model because they are assumed to correspond to 

regions of homologous genes [15].   

Fgenesh is an HMM-based ab initio gene prediction program [16].  In addition to the 

Fgenesh methods, Fgenesh++ incorporates protein similarity evidence and full-length cDNA 

alignments from NCBI’s NR database. 

Each algorithm’s unique qualities result in differences in gene prediction results, 

including whether or not a gene is predicted at a particular locus, and the location of start, stop 

and splice site features, even when the same input evidence is used.  These algorithms are built 

on our current understanding of genomic signals that define basic gene structure and how these 

signals differ depending on genomic architecture, like G+C content or gene density.  However, 

no single gene prediction algorithm has emerged over the years as the standard-bearer because 

each algorithm has its particular strengths and weaknesses [21, 22].  A better understanding of 

the diversity of gene structures within and among genomes will lead to improved prediction 

algorithms. 

 

Evaluation of performance 
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 Sensitivity and specificity are the standard measurements used to evaluate the 

performance of prediction programs against a set of known genes [9, 21-23].  Sensitivity is a 

measure of the gene predictor’s ability to detect known features while specificity is indicative of 

what proportion of the predictor’s output corresponds to known features.   Mathematically, these 

measurements are defined as: 

   Sn = TP / (TP + FN)  Sp = TP / (TP + FP) 

Where true positive (TP) is the number of correctly predicted coding features; false positive (FP) 

is the number of non-coding features incorrectly predicted as coding features; and false negative 

(FN) is the number of coding features not predicted.   

Three levels of granularity are typically used to evaluate predictions: nucleotide, exon 

and gene [21-23].  In order to avoid inflating the number of false positives, only predictions 

overlapping a known gene in the test set are used for evaluation [23].  An exon is considered 

correctly predicted if both splice sites match an exon feature in the testing set and a gene is 

considered correctly predicted if all exons are correct [21-23].  Specificity is not calculated at the 

gene level because the testing set is only a subset of the entire gene set, therefore it is not 

possible to know whether a predicted feature not found in the test set is wrong, a FP, or 

unknown, a TP [23].   

 

Official gene set 

 When researchers work as a consortium to analyze a newly sequenced genome, they 

often choose a single set of gene predictions, referred to as the “official gene set” (OGS), to 

serve as the reference gene set for further analysis, data comparisons, and presentation in a 

model organism database.  Ideally, an official gene set is a non-redundant set of gene models 



	   10	  

representing each protein-coding gene locus with correctly identified start, stop and splice 

signals such that each coding sequence translates correctly into a real protein.  Despite this clear 

goal, generating an official gene set for an organism is not as straightforward as running a single 

well-accepted gene prediction program.   

Among the five gene prediction sets used to generate the first consensus official gene set 

for A. mellifera, there was a large difference in the general statistics for gene models, including 

gene number, feature lengths, and average numbers of exons, among others [10]. RefSeq (NCBI) 

and Ensembl, two well-respected databases, both generate high-quality evidence-based gene sets; 

however the two sets can differ dramatically.  For example, RefSeq produced 9,759 gene models 

with an average coding length of 1,808 bp and average of 7.8 exons per model for complete 

transcripts while Ensembl produced 27,755 models with an average length of 631 bp and average 

exon number of 3.7 for A. mellifera [10].  Because gene sets from various prediction algorithms 

can differ so substantially, combined outputs from multiple prediction programs and evidence 

types are often used to generate a consensus gene set that encompasses the best models from 

each algorithm [10, 24]. 

There are several pipelines that generate a combined gene set from evidence alignments 

and output from multiple gene prediction pipelines.  Two well-respected programs are GLEAN 

[10] and Maker [24, 25].  GLEAN identifies translational start and termination and splice donor 

and acceptor candidate signal sites from sources of gene evidence then estimates accuracy and 

error rates for each source of gene evidence using “latent class analysis”.  Gene evidence can 

include EST and protein alignments as well as gene models from prediction sets.  Posterior 

probabilities are then used to construct consensus gene predictions using sites that maximize the 

overall probability for the sites in each prediction [10].  Maker, on the other hand, is a complete 
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gene prediction pipeline that identifies repeats, aligns EST and protein evidence, produces 

multiple ab initio gene predictions, then synthesizes the data into a final set of gene predictions 

[24, 25].  Maker compares the final gene predictions it produces to EST and cDNA evidence in 

order to add UTR sequence.  Maker then chooses the gene prediction at each locus that best 

agrees with the evidence and incorporates it into the final gene set. 

 

Challenges encountered during initial honey bee genome sequencing and gene prediction 

The AT-richness of the A. mellifera genome presented problems in initial sequencing and 

genome assembly that required special sequencing methods [2] and led to difficulties in gene 

prediction efforts [10].  Because the AT-rich regions of the genome were underrepresented in the 

first assembly of the genome, multiple rounds of additional sequencing of AT-rich DNA 

fractions and reassembly were required until 6-fold coverage of the AT-rich regions was reached 

in assembly version 2.0 (Amel_2.0) [2].   Although the overall level of coverage was deemed 

sufficient to begin gene prediction efforts, some regions had less coverage [10]. 

Several other factors complicated the initial A. mellifera gene prediction effort in addition 

to the AT-richness of the genome [10]. One factor was the large amount of genetic divergence 

between A. mellifera, a hymenopteran, and the other insect genomes that were sequenced at the 

time, mainly the dipterans D. melanogaster and A. gambiae.  The orders Diptera and 

Hymenoptera are both members of the superorder Endopterygota, or holometabolous insects that 

undergo complete metamorphosis [4].  Hymenoptera is the most distant group of species from 

the Diptera within the holometabolous insect radiation [26].  For the initial gene prediction 

effort, this meant that the ability to use homologs to predict genes was reduced [10].  

Additionally, the algorithms behind some of the gene prediction programs available at the time 
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were designed with mammalian genomes in mind so their performance on a distant insect 

genome with a different genetic architecture than the typical mammalian species was not as 

accurate [10].  Unfortunately, there were also fewer than 100 A. mellifera genes available in 

public databases at the time with which to train the gene predictors [10].   Despite these many 

challenges, the Honey Bee Genome Sequencing Project was able to generate an official gene set 

(OGSv1.0) through the combination of five gene prediction sets using GLEAN [10].  By 

combining the gene sets from multiple algorithms, each of which exhibited different strengths, 

the Consortium was able to generate a gene set that was of better quality than any of the 

individual input sets [10].   

However, the honey bee research community suspected the OGSv1.0 gene count of 

10,157 genes underestimated the true number of genes in the genome [2].  This suspicion was 

based on gene number comparisons to other insect genomes; the A. mellifera OGSv1.0 had 

~3,400 to 8,300 genes fewer than the D. melanogaster, A. gambiae and Bombyx mori sequenced 

genomes.  Additionally, whole genome tiling array data detected signals in regions annotated as 

intergenic in OGSv1.0 [2]. 

 

Honey Bee Genome Phase II Project 

 The Honey Bee Genome Phase II Project was a NIH funded effort, by the large 

international Honey Bee Genome Sequencing Consortium, to re-sequence and reassemble the A. 

mellifera genome.  The major goals of the project were to generate a more complete genome 

assembly, additional resources for gene prediction, and an improved protein-coding gene set.  

The Baylor College of Medicine Human Genome Sequencing Center specifically created 

numerous resources with the intention of identifying genes believed to be missing from OGSv1.0 
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and generating a new official gene set (OGSv3.2) [3].  These resources included additional 

sequencing and re-assembly of the A. mellifera genome (Amel_4.5), the deep sequencing of nine 

transcriptome libraries and the sequencing of two additional bee genomes.  Expressed sequence 

libraries include 454 contigs from abdomen, brain/ovary, embryo, larvae, mixed antennae, ovary 

and testes.  The two additional species chosen for sequencing by the Consortium were the dwarf 

honey bee (A. florea) and the buff-tailed bumble bee (Bombus terrestris).  These new data were 

acquired with the intention of providing a substantial amount of new evidence for evidence-

based gene prediction methods [3].  As with the first genome sequencing project [10], the results 

of multiple gene prediction methods were combined using GLEAN to generate an official gene 

set that capitalized on the strengths of each individual predictor. 

 

Leveraging genomic sequence conservation for gene prediction 

 The impetus for the Consortium to sequence two additional bee genomes was the large 

amount of genetic divergence between A. mellifera and other sequenced insect genomes.  

Because Drosophila was the closest and most well annotated sequenced insect for homology-

based gene detection for the initial gene prediction project [2], the first A. mellifera gene set was 

likely biased toward highly conserved gene models.  The first prediction effort also suffered 

from a lack of expressed sequence data.  To eliminate these biases and hopefully generate a more 

complete gene set, the Consortium wanted to incorporate gene predictions into the generation of 

the OGS from a method that draws on genomic sequence conservation to identify genes 

conserved between species.  N-SCAN [17] was the gene prediction tool chosen to re-annotate the 

honey bee genome using cross-species genomic similarity, but the genome assemblies of more 

closely related bee species were required in order to employ the program.  The A. florea and B. 
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terrestris genomes were chosen to serve as informant genomes because of their lower level of 

genetic divergence from A. mellifera.  A good informant genome is one where the target and 

informant species are closely enough related that their coding regions align well, but distant 

enough that there is a difference in conservation patterns between coding exons, introns and 

other gene features [27].  Because it was not clear how closely related the genomes should be to 

serve as good informants, a genome from the same Apis genus and another bee genome from a 

different genus were chosen for sequencing in hopes that either one or the two in combination 

would provide a clear conservation pattern for protein-coding genes.   

 TWINSCAN and N-SCAN are comparative genomics based gene prediction methods 

that build on the probability model of the ab initio predictor GENSCAN by adding the ability to 

exploit information from target and informant genome alignments [17, 28].  TWINSCAN was 

developed to predict genes based on the conservation pattern between a target genome and a 

single informant species [29].  N-SCAN is an extension of the TWINSCAN framework to allow 

multiple informant genomes to be used to model gene predictions, instead of just one [17].  The 

TWINSCAN/N-SCAN algorithm models the phylogenetic relationship between the aligned 

target and informant genome sequences and capitalizes on the fact that different gene features 

evolve under different pressures which affects their conservation pattern [27].  For example, 

coding sequence is more often highly conserved than intronic or other non-coding sequence.  

TWINSCAN/N-SCAN then uses a probability model to combine the aligned genomic sequence 

patterns with ab initio detection of gene-associated signals in the target genome’s DNA to 

produce protein-coding gene predictions for the target genome [17].   

The comparative genomics prediction approach that TWINSCAN and N-SCAN use has 

some potential advantages over other evidence-based and ab initio prediction methods [17, 
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27].  One advantage is that robust datasets of transcript and protein evidence are not needed 

because TWINSCAN and N-SCAN do not use evidence from ESTs, cDNA or homology to a 

known gene.  This means proteins that are not represented in available databases may still be 

predicted.  This is particularly useful as the rate of genome sequencing has rapidly increased, but 

the annotation of new genomes sometimes lags and remains incomplete.  Since TWINSCAN and 

N-SCAN do not use EST evidence, it is not biased toward highly expressed genes that are more 

likely to be represented in transcript libraries.  Also, genomic conservation of coding regions is 

likely to be clear even for lowly expressed or tightly temporally or spatially regulated genes that 

are often under-represented in expressed sequence libraries [17, 27]. 

  

Lineage-specific genes 

Lineage-specific genes are those genes found within a given clade that have no sequence 

similarity to genes outside of the clade.  When the clade constitutes a single species, the class of 

lineage-specific genes is called orphan genes.  Otherwise, a clade can constitute any branch 

along a phylogenetic tree.  Lineage-specific genes are estimated to account for upwards of a third 

of the genes in any given genome [30].  Common characteristics of younger genes include lower 

average expression, shorter average protein length and higher average divergence rates [30]. 

Studies in several species have found that lineage-specific genes have species-specific 

adaptive functions (reviewed by [30-32]).  As such, lineage-specific genes are important to study 

in order to understand how individual species and taxonomic groups have evolved to utilize and 

respond to the environment in which they live.   

Lineage-specific genes include both rapidly evolving genes as well as novel genes that 

may originate through a variety of mechanisms including gene duplication, fusion/fission, de 
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novo evolution from previously non-coding sequence or a combination of these mechanisms.  

Gene duplication of full or partial sequences may occur through recombination, transposon 

activity, and horizontal gene transfer events [30, 31].  While de novo gene emergence is not well 

understood, there is increasing evidence that it may be a more prevalent mechanism of gene birth 

than duplication events [33].  However, validation of de novo gene emergence is difficult 

because it requires both proof that the new gene is functional and that the evolutionary 

precursors were nonfunctional [34]. 

Lineage-specific genes can be computationally identified.  One method is to align the 

protein sequences of multiple species and to look for proteins that have no homologs in species 

outside the lineage of study [30, 35-37].  When gene sets from other species are not available or 

are suspected to be incomplete, alignment of proteins from the species of interest to the genomic 

sequence of other species is another method to identify lineage-specific genes [38].  This second 

method is more conservative because it is less likely to identify genes that have arisen de novo if 

the sequence similarity of the novel gene remains sufficiently similar to the non-coding sequence 

from which it arose.   

 

 The following chapters investigate the features of previously unknown genes that 

contributed to their prediction difficulty in the first gene annotation effort, how the N-SCAN 

gene prediction set performed relative to the evidence-based methods and aided in the detection 

of previously unknown genes, and the detection of lineage-specific genes in OGSv3.2.  The 

knowledge gained from these chapters will benefit future gene prediction efforts and researchers 

interested in genes with potential roles in taxa-specific adaptive functions. 
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RESEARCH CHAPTER ONE: Investigating Characteristics of Difficult-to-Predict Genes in 

the Honey Bee (Apis mellifera) 

 

INTRODUCTION 

Research progress on newly sequenced genomes often hinges on the availability of high-

quality, protein-coding gene predictions.  Because there are numerous genomes awaiting 

annotation and a lack of capacity to manually annotate gene predictions for every gene in every 

genome, we must rely on computational gene prediction algorithms.  There are several 

challenges to the production of high quality gene predictions including data availability, genome 

assembly quality, and computational gene prediction accuracy. 

To further understand these challenges, we have taken advantage of the Apis mellifera 

gene sets and supporting evidence available through the Honey Bee Genome Sequencing 

Consortium.  The Consortium completed an entire gene prediction effort seven years ago [2] and 

recently repeated the process with new data [3].  Most often, gene predictions are incrementally 

improved as additional data becomes available or algorithms change.  The combined data from 

both honey bee gene prediction efforts represents a valuable resource because they were two 

distinct projects.  This allows us to consider the issues that differences in genome assembly 

quality, data availability, and gene prediction tool development have contributed to the 

differences between old and new gene sets in order to identify features of difficult-to-predict 

genes.   

 When the A. mellifera genome paper was published in 2006 with the first official gene set 

(OGSv1.0) containing 10,157 protein-coding genes based on experimental evidence, the honey 

bee research community suspected the gene count underestimated the true number of genes in 
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the genome [2].  This suspicion was based on gene number comparisons to other insect genomes 

and whole genome tiling array data that detected signals in regions annotated as intergenic in 

OGSv1.0 [2]. 

 Honey bee researchers suggested genes were missed due to the limited amount of EST 

and cDNA data available and the large evolutionary distance between the hymenopteran, A. 

mellifera, and the other insect species with sequenced genomes, the dipterans Drosophila 

melanogaster and Anopheles gambiae.  The superorder Endopterygota includes holometabolous 

insects that undergo complete metamorphosis, thus encompassing both the Diptera and 

Hymenoptera orders [4].  Within the holometabolous insect radiation, Hymenoptera is the most 

distant order from the Diptera [26].  Searching the A. mellifera genome with homologs from the 

dipterans was therefore likely to have missed short and/or highly divergent homologs [2] as well 

as lineage-specific genes; thus reducing the utility of using homologs to predict genes [10] and 

potentially introducing bias [2].   

In addition to the low data availability, at the time of sequencing, A. mellifera was the 

most AT-rich metazoan genome with 67% A+T nucleotides [2].  The AT-richness of the A. 

mellifera genome presented problems in initial sequencing and genome assembly that required 

special sequencing methods [2] and led to difficulties in gene prediction efforts [10].  Although 

the overall level of coverage was deemed sufficient to begin gene prediction efforts with 

assembly version Amel_2.0 [2], some regions were still less than optimally covered [10]. 

The Honey Bee Genome Phase II project produced a new A. mellifera genome assembly 

(Amel_4.5) and a new official gene set (OGSv3.2) [3].  Comparative genomics and EST/cDNA 

based gene prediction algorithms were able to predict 5,157 more genes in OGSv3.2 than 

OGSv1.0 from the evidence provided by the sequencing of two closely related species’ genomes, 
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dwarf honey bee (Apis florea; Aflo_1.0) and buff-tailed bumble bee (Bombus terrestris; 

Bter_1.0), nine 454 transcriptome libraries and two Illumina transcriptome libraries [3].  Using 

OGSv3.2, we evaluated the genes not previously predicted in OGSv1.0 to determine if they 1) 

were narrowly or broadly expressed; 2) have a high propensity to include non-consensus splice 

sites; 3) overlapped the alignment of a protein homolog on Amel_4.5; 4) are found in high or low 

GC compositional domains; and/or 5) have differences in length or proportion of single coding 

exon genes and how these factors compare to the previously known OGSv1.0 genes. 

 The first genes sequenced and deposited in genome databases for any given taxon are 

biased toward genes that are more easily sequenced or are of research interest [39].  Gene 

prediction performance is variable depending on the similarity of all real genes in the genome to 

the genes used in the training set [40], which are usually the genes available in genome 

databases.  Highly or broadly expressed genes are more likely to be sampled in cDNA 

sequencing projects, and thus more prevalent than lowly or narrowly expressed genes in 

databases and training sets.  If genes with a narrow expression profile have characteristics, such 

as codon usage, that differ from broadly expressed genes then their absence from training data 

sets may impair their recognition by gene prediction programs. 

 Similarly, the genes present in genome databases may be more likely to have consensus 

splice sites.  Consensus splice sites are by definition the most common splice site signals found 

in gene databases.  Many gene prediction programs either require predictions to have consensus 

splice sites, or they model the probability of non-consensus splice sites on training data.  If genes 

with non-consensus splice sites are not well represented in training data then they are likely to be 

predicted with a lower probability by gene prediction algorithms. 
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It is also known that the performance of some vertebrate gene prediction programs may 

vary based on the sequence’s GC content [39, 40].  Particularly high or low GC content causes 

low sequence complexity, which makes correctly aligning protein or EST/cDNA sequences to a 

genome difficult.  Low complexity sequence may therefore hamper evidence-based gene 

prediction methods in those genomic areas, emphasizing the need for robust ab initio methods.  

However, ab initio methods may also fail to accurately predict genes in these more extreme GC 

regions of the genome because the algorithms are tuned to the averages and variances observed 

in the training sets.   

 In A. mellifera, several gene features relevant to gene prediction parameters are correlated 

with GC content.  Jorgensen et al. [41] found the GC content of the third codon position in A. 

mellifera has a bimodal shaped distribution, with high (~60%) and low (~18%) GC content 

peaks.  This feature is not observed in D. melanogaster or A. gambiae, where plots of the GC 

content of the third codon position versus its frequency only have a single mode.  Codon bias, or 

the non-uniform use of synonymous codons within coding sequence, is a useful parameter in 

gene prediction algorithms for distinguishing coding from non-coding sequence [23].  The 

sequences underlying the high and low GC peaks in Jorgensen et al.’s study had a significant 

bias in synonymous codon usage from GC-rich codons in D. melanogaster towards GC-poor 

codons in A. mellifera [41].  This is in accordance with the highest codon usage bias being found 

in honey bee when compared to dipteran and other hymenopteran species, with the trend toward 

A or T in the third codon position of hymenopterans and G or C in dipterans [42].  Gene (exon 

and intron) and transcript (exons only) length, which are additional gene prediction parameters 

[23], are also correlated with GC content in A. mellifera [2].  These differences in A. mellifera 

gene architecture are dependent on the GC compositional domain in which the gene resides.  
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This is an indication that gene prediction models parameterized on a genome-wide sample of 

genes are likely to result in a model poorly tuned for gene prediction in either high or low GC 

domains due to the combining of model parameter values from genes in distinct domains. 

 Understanding the reason why some genes are not correctly predicted is key to improving 

gene prediction programs.  If the genes missing from OGSv1.0 appear to have been missed due 

to a bias in the original training gene set, then methods to evaluate training gene sets for diversity 

of gene features rather than quantity of genes may be important to develop.  If the missing genes 

have distinctly different conservation or expression characteristics than the remainder of the gene 

set then the importance of different types of additional evidence may be known.   

 

METHODS  

Generation of OGSv3.2 

The Honey Bee Genome Sequencing Consortium’s major goal for the Honey Bee 

Genome Phase II project was to identify the genes missing from OGSv1.0 so they generated 

OGSv3.2 [3], the object of this analysis. 

In brief, the Consortium provided genes predicted on the A. mellifera genome assembly 

Amel_4.5 using a variety of methods including the NCBI RefSeq and Gnomon pipelines [11], 

Augustus [13], SGP2 [15], GeneID [14], and FgenesH++ [16].  In addition, we ran N-SCAN 

[17] (Research Chapter Two).  New transcriptome data was used either directly as evidence or in 

the generation of training sets for the predictors. The Augustus analysis also incorporated 

available peptide data, and the N-SCAN analysis leveraged nucleotide sequence conservation 

between the A. mellifera genome and the genomes of two other bee species, A. florea (Aflo_1.0) 

and Bombus terrestris (Bter_1.0). 
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The Consortium used GLEAN [10] to create multiple consensus gene sets using different 

combinations of the contributed gene prediction sets as well as transcript and protein homolog 

alignments.  A minimum coding sequence length of 75 nt was required for a gene prediction to 

be included in the final set.  We evaluated GLEAN sets based on several criteria including 

overlap with high quality annotations, transcript sequences and peptides.  The final GLEAN set 

deemed OGSv3.2 includes 15,314 genes and was generated using gene predictions from NCBI 

Gnomon, Augustus, Fgenesh++, N-SCAN using A. florea as the informant genome and GeneID 

and SGP2 combined as a single set, as well as evidence from transcript (454 transcripts from 

abdomen, brain/ovary, embryo, larvae, mixed antennae, ovary and testes; contigs of Illumina 

transcripts from Nurse and Forager brain and ESTs from NCBI’s dbEST) and protein homolog 

alignments (SwissProt [43] Metazoa homologs, Drosophila melanogaster (fruit fly; r5.31) [44], 

Nasonia vitripennis (parasitoid wasp; nvit_OGSv1.2) [45] and the ants: Atta cephalotes 

(acep_OGSv1.1) [46], Camponotus floridanus (cflo_OGSv3.3) [47], Harpegnathos saltator 

(hsal_OGSv3.3) [47], Linepithema humile (lhum_OGSv1.1) [48], and Pogonomyrmex barbatus 

(pbar_OGSv1.1) [49]) [3]. 

 

Identification of New and Previously Known OGSv3.2 genes 

In order to compare OGSv3.2 with the first official gene set (OGSv1.0), we mapped 

OGSv3.2 coding sequences to the Amel_2.0 assembly because it was the assembly used for 

OGSv1.0 gene prediction and annotation.  The Amel_4.5 genome assembly is more contiguous 

and contains more sequence data than the Amel_2.0 genome assembly [3], so mapping allowed 

us to distinguish genes that were newly predicted due to the assembly from those that were found 

for other reasons.  We first used MegaBLAST [50] to identify scaffold/gene matches with 95% 
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identity and an E-value < 1x10-20. We then aligned the coding sequences to matching scaffolds 

using GMAP [51] and parsed the output to create two sets of splice-modeled alignments, both 

requiring 95% identity. One set was based on a relaxed coverage criterion, requiring that the 

alignment cover at least 50% of the coding sequence. The other set was based on a stringent 

coverage criterion, requiring that the alignment cover at least 80% of the coding sequence.  

Results of further analyses for both sets are provided, but we discuss only results for the stringent 

mapping. 

On the basis of mapping to Amel_2.0 and overlap between the coding sequence of 

OGSv3.2 and OGSv1.0 gene models on the Amel_2.0 assembly, we divided the 15,314 

OGSv3.2 genes into three sub-sets.  Any OGSv3.2 gene that did not align to the Amel_2.0 

assembly we deemed a “Type I New” gene.  Any OGSv3.2 gene that aligned to the Amel_2.0 

assembly, but whose coordinates did not overlap an OGSv1.0 gene by a single coding base pair 

on the same strand, we deemed a “Type II New” gene.  Finally, any OGSv3.2 gene that both 

aligned to the Amel_2.0 assembly and overlapped an OGSv1.0 gene we deemed a “Previously 

Known” gene.   

 

Coding sequence length analysis 

The total length of the coding exons was calculated for each gene and the means for all 

genes and each gene sub-set were calculated (Table 1).  We tested the null hypothesis that the 

mean coding sequence lengths of Type II New genes and Previously Known genes were equal. 

These tests were carried out using both a non-parametric Kolmogorov-Smirnov test and a Welch 

t-test with the correction for non-homogeneity of variances as implemented in R (version 2.15.1, 
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[52]).  Testing the hypothesis in this way avoided assuming these data were normally distributed 

or had equal variances. 

 

Tissue expression analysis 

We determined the number of overlaps between the genes and the expressed transcript 

alignments that were used in creating the GLEAN consensus gene sets [3].  Expressed sequence 

data sets included 454 contigs from abdomen, brain/ovary, embryo, larvae, mixed antennae, 

ovary and testes libraries; Illumina contigs from nurse and forager bee brain libraries and ESTs 

from NCBI dbEST.  The coding direction of an aligned transcript is determined based on the 

canonical DNA splice site sequence signals of a GT dinucleotide at the 5' of the intron sequence 

and an AG dinucleotide at the 3' of the intron.  Therefore we are unable to determine coding 

directionality of un-spliced transcripts.  For spliced transcript alignments, if coding direction of 

an aligned transcript was on the opposite strand from the gene then it was discarded from further 

analysis.  For spliced transcript alignments with the same coding direction as a gene prediction, 

or transcripts that were un-spliced, a coordinate overlap of at least one coding base pair was 

required for a gene to count as overlapping with a transcript alignment. 

We compared the genomic coordinates of the contigs from each transcript data set to the 

coordinates of OGSv3.2 coding sequence.  We counted the number of tissues in which the gene 

was expressed for each gene and gene sub-set as well as the number of genes with expression in 

each data set (Table 1 and 2).  We performed chi-square tests in R (version 2.15.1, [52]) with one 

degree of freedom to compare the frequencies of spliced transcript overlap in the Type II New 

and Previously Known gene sets. 
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 Of genes that overlapped spliced transcript alignments, we also identified genes that were 

narrowly expressed and genes that were broadly expressed on the basis of overlap to the four 

single-tissue sets (brain from Illumina forager and nurse bees as well as 454 data sets of mixed 

antennae, ovary and testes).  We deemed genes narrowly expressed if they overlapped at least 

one spliced transcript alignment in only one of the four tissues and broadly expressed if they 

overlapped at least one spliced transcript alignment from all four tissues (Table 1).  We 

performed chi-square tests in R (version 2.15.1, [52]) with one degree of freedom to compare the 

frequencies of narrowly expressed genes and broadly expressed genes in the Type II New and 

Previously Known genes. 

 

TBLASTN alignment of OGSv3.2 to Aflo_1.0 and Bter_1.0 assemblies 

         We aligned OGSv3.2 protein sequences to the Aflo_1.0 and Bter_1.0 genome assemblies 

using TBLASTN [20] with an E-value threshold of 1 x 10-06 (Table 1).  

 

Segmentation of the A. mellifera genome into compositionally homogeneous domains 

         Members of the Honey Bee Genome Sequencing Consortium used IsoPlotter, a recursive 

segmentation algorithm [53], to partition Amel_4.5 into compositionally homogeneous and non-

homogeneous domains [3].  Inferred domains were classified as compositionally homogeneous 

and non-homogeneous based on the homogeneity test as described by Elhaik et al. [53].  Outputs 

include genomic coordinates of domains as well as their GC content (percent G+C nucleotides in 

the sequence).  Because genes sometimes span multiple GC compositional domains, the 

Consortium members compared domain coordinates to the OGSv3.2 coding sequence 

coordinates and calculated a weighted percent GC of the domain to which each gene belonged.  
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OGSv3.2 gene location relative to GC compositionally homogeneous domains 

 The distribution of Type I and Type II New genes with respect to GC content was 

compared to that of Previously Known genes.  IsoPlotter cannot segment scaffolds less than 

10kb into compositional domains, so the 90 genes residing in these small scaffolds were not 

considered.  We tested the null hypothesis that the means of the weighted GC compositional 

domain contents for genes in the Type I and Type II New gene sets were equal to the mean of the 

Previously Known genes.  These tests were carried out using both a non-parametric 

Kolmogorov-Smirnov test and a Welch t-test with the correction for non-homogeneity of 

variances as implemented in R (version 2.15.1, [52]).  Testing the hypothesis in this way avoids 

assuming these data were normally distributed or had equal variances. 

 

Homolog analysis 

 We determined the number of gene overlaps to the protein alignments that the 

Consortium used in creating the GLEAN consensus gene sets [3].  We required overlap of at 

least one coding base pair on the same strand to deem a gene overlapping with a protein homolog 

alignment on Amel_4.5 (Table 1).  We used R (version 2.15.1, [52]) to perform a chi-square test 

with one degree of freedom to compare the presence or absence of gene overlaps to homolog 

alignments for Type II New genes and Previously Known genes. 

 

Splice site and single versus multiple coding exon gene analysis 

 The number of single coding exon genes was counted for each gene sub-set.  We also 

assessed the genomic sequence of the two intronic base pairs adjacent to each coding sequence 
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exon-intron splice site to determine whether it corresponded to the canonical …]5’-GT//AG-

3’[… splice site sequence.  We considered only splice sites supported by matching intron 

coordinates of spliced transcript alignment evidence. We used R (version 2.15.1, [52]) to 

perform a chi-square tests with one degree of freedom to compare the frequencies of single 

coding exon genes and non-canonical splice sites in the Type II New and Previously Known 

gene sets. 

 

Effective number of codons analysis 

 The effective number of codons (ENC) is an estimate of the number of synonymous 

codons used and is useful to determine how far from equally frequent the usage of all 

synonymous codons is for a population of genes [54].  ENC is based on the fact that 18 of the 20 

amino acids are encoded by more than one codon.  Therefore, ENC ranges from 20 (extreme bias 

where only one codon is used for each synonymous amino acid) to 61 (no bias, all synonymous 

codons are used equally) [54].  The length of the coding sequence does not affect the ENC 

measure [54, 55]. 

 Using the chips program within the EMBOSS package [56], we calculated ENC 

separately for each OGSv3.2 gene.  We tested the null hypothesis that the mean ENC values for 

the Type I and Type II New genes were equal to the mean of the Previously Known genes.  

These tests were carried out using both a non-parametric Kolmogorov-Smirnov test and a Welch 

t-test with the correction for non-homogeneity of variances as implemented in R (version 2.15.1, 

[52]).  Testing the hypothesis in this way avoids assuming these data were normally distributed 

or had equal variances. 
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Table 1: Analysis of OGSv3.2 and its sub-sets.  OGSv3.2 genes were aligned to the Amel_2.0 assembly under 
both a relaxed coverage criterion, requiring that the alignment cover at least 50% of the coding sequence, and a 
stringent coverage criterion, requiring that the alignment cover 80% of the coding sequence.  The relaxed criterion 
provides a more conservative number of Type I New genes while the stringent criterion provides a more 
conservative number of Type II New Genes.  Type I New genes are those that do not align to the Amel_2.0 
assembly and are therefore new due to the improvements in both coverage and continuity of the Amel_4.5 assembly.  
Type II New genes are those that align to the Amel_2.0 assembly, but do not overlap an OGSv1.0 gene on 
Amel_2.0, and were likely predicted through improvements in prediction algorithms as well as evidence from 
transcript and protein homolog datasets.  Previously Known genes both align to the Amel_2.0 assembly and overlap 
an OGSv1.0 gene on Amel_2.0. 
 

 

Table 2:  Number of genes expressed in each transcript library.  Libraries are divided into spliced and un-spliced 
groups and a combined group. 

Number of genes overlapped by a 
transcript in the given set

% total OGSv3.2 genes 
(15314)

Spliced_abdomen_contig 4408 28.8%
Unspliced_abdomen_contig 1799 11.7%

Abdomen 5413 35.3%
Spliced_brain_ovary_contig 7340 47.9%

Unspliced_brain_ovary_contig 2105 13.7%
Brain_ovary 8437 55.1%

Spliced_embryo_contig 5956 38.9%
Unspliced_embryo_contig 1388 9.1%

Embryo 6673 43.6%
Spliced_forager_contig 10198 66.6%

Unspliced_forager_contig 6725 43.9%
Forager 12134 79.2%

Spliced_larvae_contig 3960 25.9%
Unspliced_larvae_contig 707 4.6%

Larvae 4335 28.3%
Spliced_mixed_antennae_contig 4088 26.7%

Unspliced_mixed_antennae_contig 971 6.3%
Mixed_antennae 4578 29.9%

Spliced_NCBI_EST_contig 5983 39.1%
Unspliced_NCBI_EST_contig 3935 25.7%

NCBI_EST 7320 47.8%
Spliced_nurse_contig 10111 66.0%

Unspliced_nurse_contig 6549 42.8%
Nurse 11959 78.1%

Spliced_ovary_contig 7926 51.8%
Unspliced_ovary_contig 1570 10.3%

Ovary 8698 56.8%
Spliced_testes_contig 3927 25.6%

Unspliced_testes_contig 833 5.4%
Testes 4332 28.3%
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RESULTS AND DISCUSSION 

Generation of OGSv3.2 

 In the approximately seven years between the release of OGSv1.0 and OGSv3.2, the data 

for the Amel_2.0 and Amel_4.5 genome assemblies, on which the gene sets were annotated, 

respectively, changed.  The technologies for generating the sequence, and the genome assembly 

methods, gene prediction methods and available gene prediction evidence also changed.  Florea 

et al. [57] explored how genomic sequence assembly affects gene annotation by considering two 

bovine genome assemblies built using the same underlying data, but different assembly methods.  

While the same gene annotation pipeline was used to annotate both of their assemblies 

approximately a year apart, the available cDNA and protein evidence changed between runs 

[57].  Despite the differences between their study and this one, the findings of Florea et al. are a 

conservative benchmark by which we can base our expectations of the extent at which changes 

in assemblies can affect annotations. 

Florea et al. found that establishing a one-to-one relationship between genes on two 

different assemblies is extremely difficult due in part to inversions, translocations, and deletions 

between assemblies, as well as gene fragmentation, merges and splits, and paralogy [57].  For 

these reasons, Florea et al. concluded that when the assembly and annotation resources have 

significantly changed, de novo annotation of the latest assembly is likely to be more accurate 

despite the difficulties in tracking genes, because errors and biases from previous assemblies are 

less likely to be perpetuated [57].  Because of the difficulty of uniquely tracing genes between 

assemblies, the Consortium chose not to track and update the OGSv1.0 genes on the Amel_4.5 
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assembly.  Instead the Consortium decided to annotate the Amel_4.5 assembly de novo and 

generate a new OGSv3.2 based on the most current evidence and methodologies. 

OGSv3.2 represents a significant improvement as it includes 15,314 genes, 5,157 genes 

more than OGSv1.0.  The proportion of genes on placed scaffolds as well as those with 

expressed sequence coverage also increased over OGSv1.0 (Table 3).   

 

  OGSv1.0 OGSv3.2  
Number of Genes 10157 15314  

Number of Genes within 
Mapped Scaffolds 5973 58.8% 13285 86.8%  

Number of Genes within Un-
mapped Scaffolds 4184 41.2% 2029 13.2%  

Average Coding Sequence 
Length 1623 bp 1266 bp  

Average Number of Coding 
Exons 6.4 5.3  

Number of Single Coding Exon 
Genes 795 7.8% 2059 13.4%  

Number of Multi-Coding Exon 
Genes 9362 92.2% 13255 86.6%  

Number of Genes with Spliced 
EST Coverage 3039 29.9% 12172 79.5%  

Number of Genes with Un-
spliced EST Coverage 1734 17.1% 11019 72.0%  

Number of Genes that Overlap a 
Protein Alignment 7940 78.2% 6778 44.3%  

Table 3: Global Comparison of OGSv1.0 and OGSv3.2 Gene Sets 
 

Identification of New and Previously Known OGSv3.2 genes 

 Analyzing OGSv3.2 as three sub-sets (Type I New, Previously Known and Type II New 

genes) allowed us to consider the contribution of additional genomic sequence data separately of 

additional evidence and changed methodologies as well as the differences between the genes 

within these categories.  Conservatively, at least 377 OGSv3.2 genes were discovered due to the 



	   32	  

additional sequencing and reassembly of the bee genome for the Amel_4.5 assembly (Type I 

New genes, relaxed mapping criteria; Table 1).  In addition, 3,953 OGSv3.2 genes were detected 

through the use of new expressed sequence and protein homolog data and improved gene 

prediction algorithms (Type II New genes, stringent mapping criteria; Table 1).   

Florea et al. found that differences between assemblies resulted in the fragmentation of a 

significant number of genes [57].  We were able to map 405 additional Type I New genes to the 

Amel_2.0 assembly at a relaxed 50% gene coverage than the more stringent 80% gene coverage 

(Table 1).  This implies that the Amel_2.0 assembly is less continuous than Amel_4.5 because 

shorter pieces of genes were able to map, but longer, fuller sequences were not.  The lower level 

of completeness and continuity of the Amel_2.0 assembly likely impaired initial gene prediction 

efforts due to the fragmentation or lack of complete sequence for all genes.   

Like Florea et al. [57], we also found that most of the genes were present in both 

assemblies.  We were unable to map only 19 OGSv1.0 genes to the Amel_4.5 assembly with a 

relaxed 80% identity and no coverage criteria.  Of these, 18 were on unplaced scaffolds in 

Amel_2.0 and the unmapped OGSv1.0 genes were on average shorter with fewer exons than the 

genes that were mapped to Amel_4.5 (Table 4).   

 

OGSv1.0_Genes Map at 80% identity 
to Amel_4.5 

Do Not Map at 80% 
identity to Amel_4.5 

Number 10138 19 

Number of Genes on Assigned 
Scaffolds 5972 1 

Number of Genes on Unplaced 
Scaffolds 4166 18 

Average Coding Sequence 
Length 1625 442 

Average Number of Coding 
Exons 6.41 1.84 
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Number of Single Coding Exon 
Genes 789 6 

Number of Two Coding Exon 
Genes 1065 10 

Number of Genes with >2 
Coding Exons 8284 3 

Number that Overlap Spliced 
EST 3038 1 

Number that Overlap Un-
spliced EST 1734 0 

Number that Overlap Any 
Protein Alignment 7930 10 

Number that Overlap Anopheles 
Protein Alignment 7043 1 

Number that Overlap 
Drosophila Protein Alignment 6843 1 

Number that Overlap Human 
Protein Alignment 6106 8 

Number that Overlap SwissProt 
Protein Alignment 4124 9 

Number that Overlap Worm 
Protein Alignment 4277 0 

Number that Overlap Yeast 
Protein Alignment 1809 0 

Table 4: Differences between OGSv1.0 gene predictions that did and did not map to the Amel_4.5 assembly.   
 

 Our goal in analyzing the data that went into the annotation of OGSv3.2 and how the 

evidence agreed with the gene set was to determine what pieces of evidence contributed to the 

prediction of the genes and to determine why some genes were not annotated in OGSv1.0.  To 

determine whether genes in OGSv3.2 that were not detected in OGSv1.0 have common 

characteristics that make them more challenging to predict, we compared them to the Previously 

Known genes. We evaluated features such as coding feature length, tissue expression specificity, 

GC content, overlap with arthropod homologs on Amel_4.5 and the proportion of non-canonical 

splice sites. 
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Coding sequence length analysis 

Coding sequence length is one parameter used by gene prediction programs to identify 

and model genes in genomic sequence.  If the genes used to train prediction programs do not 

properly represent the distribution of true coding sequence lengths in the species, then genes may 

not be predicted correctly or may fail to be predicted.   

The mean Type I New and Type II New genes coding sequence lengths of 1172.1 bp and 

330.8 bp were significantly shorter than the 1622.5 bp mean length of the Previously Known 

genes (P = 2.3 x 10-12 Welch t-test, P < 2.2 x 10-16 Kolmogorov-Smirnov test for Type I New 

genes compared to Previously Known genes and P < 2.2 x 10-16 Welch t-test and Kolmogorov-

Smirnov test for Type II New genes compared to Previously Known genes; Table 1).  Thus, the 

shorter genes were more difficult to predict. 

 

Tissue expression analysis 

Expression abundance can affect whether a gene is predicted, because transcript sequence 

data, used as gene prediction evidence, is less likely to exist for rarely or narrowly expressed 

genes.  When combined, the spliced and un-spliced transcript alignments overlapped 13,517 of 

the OGSv3.2 genes (88.3%).  The remaining genes did not have an overlapping transcript 

alignment in the ten sequence libraries we had available.  Type II New genes were significantly 

less likely to overlap a spliced transcript alignment than Previously Known genes (2,110 Type II 

New genes overlap a spliced transcript alignment, 1,843 do not versus 9,440 Previously Known 

genes overlap and 1,139 that do not; P < 2.2 x 10-16; Table 1).  In addition, Type II New genes 

were significantly more likely to be expressed narrowly (overlapping at least one transcript 
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alignment from only one of four tissues) than Previously Known genes (1,139 Type II New 

genes narrowly expressed, 2,814 not-narrowly expressed versus 1,973 Previously Known genes 

narrowly expressed, 8,606 not; P < 2.2 x 10-16; Table 1).  On the other hand, Previously Known 

genes were significantly more likely to be broadly expressed (overlapping at least one spliced 

transcript alignment from all four tissues) than Type II New genes (2,171 Previously Known 

broadly expressed, 8,408 not-broadly expressed versus 95 broadly expressed Type II New genes, 

3,858 not; P < 2.2 x 10-16; Table 1).  Thus, the limited magnitude of expression and the narrow 

range of expression across different tissues of Type II New genes are likely to have contributed 

to their prediction difficulty in the first gene prediction effort. 

 

Protein homolog and genome alignments  

 If Type II New genes were not previously predicted due to high sequence divergence 

from D. melanogaster, hindering homolog-based gene prediction, these genes might be less 

likely than Previously Known genes to have detectable homologies to other insects.  The number 

of Type II New genes that overlap a protein homolog alignment on Amel_4.5 was compared to 

that of Previously Known genes.  Type II New genes were significantly less likely to overlap a 

protein homolog alignment than Previously Known genes (186 Type II New genes with overlap 

and 3767 without versus 6322 Previously Known genes with overlap and 4257 without; P < 2.2 x 

10-16; Table 1).  This implies that more of the Type II New genes are A. mellifera, bee, or 

Hymenoptera specific than the Previously Known genes.   

Because the new genome assemblies of Aflo_1.0 and Bter_1.0 did not have gene sets 

available at the time of this analysis, we considered the alignment of OGSv3.2 genes to these 

assemblies.  Analysis of the genomic alignment of genes is a more sensitive approach, because it 
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is not reliant on all genes being present in a predicted gene set.  We found over 80% of the 

OGSv3.2 genes aligned to both the Aflo_1.0 and Bter_1.0 genome assemblies (Table 1).  The 

potential for Apis-specific genes is emphasized by 8% of genes that align to Aflo_1.0, but not 

Bter_1.0.  Additionally, the approximately 12% of genes that do not align to Aflo_1.0 imply A. 

mellifera-specific genes may be present in the gene set. 

 

Biological support for predicted genes 

 When all A. mellifera biological evidence is combined, 14,084 of the OGSv3.2 genes 

(92%) are supported by at least one form of evidence (expressed transcript, peptide, protein 

homolog alignment, or InterPro domain presence).  When un-spliced transcript alignments are 

considered, overlaps are counted regardless of strand information since it is difficult to determine 

strand without splice sites.  Un-spliced transcript alignments are more likely than spliced 

transcript alignments to be a result of genomic contamination or incorrect mapping; however, 

they may be useful evidence for single coding exon genes, which make up over 30% of the Type 

II New gene category.  If we remove un-spliced transcript alignments from consideration, the 

remaining biological evidence still supports 13,264 of the OGSv3.2 genes (86.8%).   

If we also consider alignment of OGSv3.2 genes to either the Aflo_1.0 or Bter_1.0 

assemblies, a total of 14,836 genes (96.9%), with all transcript evidence, and 14,661 genes 

(95.7%), with only spliced transcript alignments, are supported.  This suggests our gene set is 

well supported by the available evidence and likely has a low number of false positive 

predictions. 

 

OGSv3.2 gene location relative to GC compositionally homogeneous domains 
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 The unusually low and heterogeneous GC content of the A. mellifera genome may be 

associated with gene sequence divergence, particularly in the extremely low and high GC 

regions, and sequence divergence can impede homology based gene prediction.  Some known 

signals are biased in GC content.  For example, stop codons are GC poor, so their frequency in a 

given sequence is biased depending on the background GC content.  Therefore, within GC poor 

regions, the existence of three consecutive nucleotides that could encode a stop codon is more 

likely by chance, increasing the false positive sequence signal for the presence of a potential 

gene.  Similarly, the paucity of stop codons in extremely high GC regions can cause 

identification of open reading frames (ORFs) that meet length criteria typical of real genes, but 

are false positive ORFs.  The distribution of Type I and Type II New genes with respect to GC 

content was compared to that of Previously Known genes.  

Type II New genes reside in compositional domains that have an average G+C content of 

32%, significantly higher than the average 28.9% GC of Previously Known genes (P < 2.2 x 10-

16 Welch t-test, P < 2.2 x 10-16 Kolmogorov-Smirnov test; Table 1).  In addition, Type I New 

genes reside in compositional domains with an average 26.4% GC, significantly lower than the 

Previously Known genes (P < 2.188 x 10-15 Welch t-test, P < 2.2 x 10-16 Kolmogorov-Smirnov 

test; Table 1).  These data indicate that there was some expansion or improvement in the 

assembly of the low GC content regions in the new Amel_4.5 assembly since the Type I New 

genes are more likely to reside in these regions.  Additionally, the fact that Type II New genes 

reside in higher GC content regions indicates that gene prediction parameters for the initial gene 

prediction effort may have been biased toward genes in the lower GC content regions, impeding 

their ability to predict genes in the higher GC content regions. 
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Effective number of codons analysis 

 Codon bias, or the non-random use of synonymous codons within coding sequence, is a 

useful parameter in gene prediction algorithms for distinguishing coding from non-coding 

sequence [23].  Type II New genes have a significantly higher mean effective number of codons 

(ENC) than the Previously Known genes, 45.69 vs. 44.90 respectively (P = 3.923 x 10-05 Welch 

t-test, P < 2.2 x 10-16 Kolmogorov-Smirnov test).  On the other hand, Type I New genes have a 

significantly lower mean ENC than Previously Known genes, 41.97 vs. 44.90 respectively (P = 

2.26 x 10-12 Welch t-test, P < 2.2 x 10-16 Kolmogorov-Smirnov test).  Together these differences 

in codon bias and average GC compositional domain between the three sub-sets of OGSv3.2 

imply that Type II New genes are found on average in higher GC compositional domains and 

have a more equal usage of synonymous codons than the Previously Known or Type I New 

genes. 

 

Splice site and single versus multiple coding exon gene analysis 

 Some prediction programs do not allow for non-canonical splice signals and non-

canonical splice signals may be under-represented in training genes.  Therefore, if a high 

frequency of non-canonical splice signals exists in the Type II New genes, it could have caused 

them to be more likely to be missed previously.  We found the number of canonical versus non-

canonical splice sites was not significantly different between the Type II New genes and the 

Previously Known genes (1916 canonical, 14 non-canonical versus 49678 canonical, 333 non-

canonical, respectively; P = 0.75; Table 5).   Therefore, splice site signal sequences did not 

contribute to difficulty in predicting genes. 
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 However, there was a significantly higher proportion of single versus multiple coding 

exon genes in the Type II New genes than the Previously Known gene set (1239 single, 2714 

multiple versus 719 single, 9860 multiple, respectively; P < 2.2 x 10-16; Table 1).  This implies 

single coding exon genes may be more difficult for gene prediction programs to find, or that 

earlier gene prediction algorithms were biased against single exon genes. 

 

 All 
OGSv3.2 

Relaxed 
mapping, 

Type I 
genes 

Relaxed 
mapping, 
Known 
genes 

Relaxed 
mapping, 
Type II 
genes 

Stringent 
mapping, 

Type I 
genes 

Stringent 
mapping, 
Known 
genes 

Stringent 
mapping, 
Type II 
genes 

Number of 
single coding 
exon genes 

2059 99 720 1240 101 719 1239 

Number of 
multiple 

coding exon 
genes 

13255 278 10136 2841 681 9860 2714 

Total 
intron 
count 

66212 929 60488 4795 3585 58294 4333 

Count of 
canonical 

introns  
65669 917 59990 4762 3537 57827 4305 

Count of 
non-

canonical 
introns  

543 12 498 33 48 467 28 

Count of 
introns 

supported 
by EST 

54514 547 51766 2201 2573 50011 1930 

Count of 
introns not 
supported 

by EST 

11698 382 8722 2594 1012 8283 2403 
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Count of 
canonical, 
supported 

introns 

54145 543 51415 2187 2551 49678 1916 

Count of 
non-

canonical, 
supported 

introns 

369 4 351 14 22 333 14 

Table 5: Canonical versus non-canonical intronic splice site sequence with expressed transcript support.  
OGSv3.2 genes were aligned to the Amel_2.0 assembly under both a relaxed coverage criterion, requiring that the 
alignment cover at least 50% of the coding sequence, and a stringent coverage criterion, requiring that the alignment 
cover 80% of the coding sequence.  Canonical splice sites have a “GT” at the 5’ edge of the intron and an “AG” at 
the 3’ edge of the intron.  Supported splice sites are those that have intron coordinates that match a spliced expressed 
transcript alignment. 
 

CONCLUSION 

 Understanding the reasons genes were not predicted in OGSv1.0 is valuable for the 

improvement of gene prediction algorithms.  The characteristics of our OGSv3.2 genes were 

similar to those considered in a Drosophila study by Graveley et al. [58].  Despite the depth and 

breadth of sequencing 30 whole-animal transcriptome samples from 27 distinct stages of the 

Drosophila, Graveley et al. were only able to confirm 87% of previously annotated genes and 

transcripts [58].  Herein, with significantly less data, we found 88.3% of the OGSv3.2 gene 

predictions overlapped with a transcript alignment in one of our ten libraries, with an even higher 

percentage (94.9%) of Previously Known genes overlapped.  The lower coverage of Type II New 

genes by transcript alignments (70.1%) as well as their shorter average coding sequence length, 

higher likelihood of being single coding exon genes, lower likelihood to overlap a protein 

homolog alignment, and their higher likelihood to be expressed in a tissue specific manner rather 

than broadly expressed all comports well with Graveley et al.’s findings.  Their “new transcribed 

regions” (NTRs) had low expression levels with temporally restricted patterns.  In addition more 
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than half of their NTRs were single exon genes, and the multi-exon NTRs were shorter and less 

conserved than previously annotated genes [58].   

 Ab initio gene predictors perform better on human sequences with high mouse homology 

[21].  This implies that conserved genes are easier to predict, in agreement with our study’s 

finding that Previously Known genes have more homologs than Type II New genes. This 

suggests that Type II New genes may have some sequence characteristics that differ from 

homologous genes.   

 Together with Graveley et al.’s (2011) results, these data suggest that short and single 

exon genes, with restricted expression patterns, few or no protein homologs, and locations in 

regions that differ in GC content compared to the bulk of the other genes in the set, remain 

difficult to predict.  With large amounts of transcript sequence data to aid in their detection they 

are more easily found.  In the absence of expressed transcript data or protein homology, genomic 

sequence from closely related species can be used to aid in gene prediction efforts through the 

use of prediction programs that leverage nucleotide sequence conservation.  Therefore, until 

programmers designing ab initio gene prediction tools can modify their algorithms to more 

accurately predict short, single coding exon genes, investigators interested in predicting the full 

set of protein coding genes in a given species should invest in deep transcriptome sequencing.  

Because the Type II New genes were more likely to be narrowly expressed, transcript evidence 

from only a single tissue may miss a high proportion of the expressed genes in a given organism 

(Table 2).  Transcriptome sequence from multiple tissues and life stages is preferred to protein 

homolog evidence because more of the Type II New genes had transcript evidence in our study 

than protein homolog evidence despite the relatively close evolutionary distance between most of 

the species (within the order Hymenoptera).  However, as more genomes are sequenced and 
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annotated, gene prediction should become easier because the databases of homologs will be 

larger. 

 Developers of gene prediction algorithms may improve their methods by using algorithm 

parameters tuned separately to predict either short, single coding exon genes or multi-coding 

exon genes and either genes in high GC content regions or genes in low GC content regions.  

They could then use any available evidence to aid in choosing the best annotation at each locus 

from the separately tuned algorithms to produce a single gene set. 
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RESEARCH CHAPTER TWO: Characteristics of Novel Exons Predicted Using Genome 

Conservation  

 

INTRODUCTION 

Generation of reliable protein-coding gene predictions is key to the design and success of 

laboratory experiments and comparative genomic analyses for sequenced genomes.  While many 

gene prediction projects rely on large transcript data sets, not all genome projects have transcript 

evidence available.  However, as more and more species are sequenced it is becoming more 

likely that any given species will be relatively closely related to a species with a sequenced 

genome.  Yet, because sequencing is proceeding so quickly and gene prediction is lagging for 

many organisms, it is not certain that the related species will have a complete protein-coding 

gene set available.  Therefore, genome conservation-based gene prediction methods might be a 

good alternative to methods that rely on transcript evidence or protein homology in these 

organisms.   

N-SCAN is a comparative genomics-based gene prediction method that models 

evolutionary relationships from the alignment pattern of the genome to be annotated, also known 

as the target genome, and closely related genomes, known as informant genomes.  N-SCAN 

builds on the code base of the ab initio gene predictor GENSCAN with the addition of the ability 

to exploit information from target and informant genome alignments [17, 28].  In order to use 

these alignments, N-SCAN models the phylogenetic relationship between the aligned target and 

informant genome sequences.  The N-SCAN algorithm capitalizes on the fact that different gene 

features evolve under different pressures which affects their conservation pattern [27].  For 

example, coding sequence is more highly conserved than intronic or other non-coding sequence.  
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While transcriptome data is not used directly by N-SCAN to predict genes, it can be useful for 

generating a training set upon which some of the N-SCAN algorithm parameters are based.  N-

SCAN uses a probability model to combine the aligned genomic sequence patterns with ab initio 

detection of gene-associated signals in the target genome’s DNA to produce protein-coding gene 

predictions for the target genome [17]. 

 This comparative genomics prediction approach has some potential advantages over 

other EST or protein homology and ab initio prediction methods [17, 27].  These advantages 

include the fact that ESTs, cDNA or homology to a known gene are not needed for a gene to be 

predicted.  Also, the inclusion of ab initio prediction in the N-SCAN prediction process helps 

filter out noise from conserved non-coding sequence [17, 27]. 

To investigate the value of N-SCAN to predict genes conserved in closely related 

genomes in the absence of protein homolog or transcript alignment evidence, we used data 

produced by the Honey Bee Genome Sequencing Consortium.  Initial gene prediction efforts in 

honey bee, Apis mellifera, were complicated by multiple factors including limited EST and 

cDNA data availability and the large sequence divergence between honey bee and other 

sequenced genomes [2].  Due to these problems, additional sequencing was performed to 

improve the official protein-coding gene set and detect genes believed to be missing from the 

initial gene set.  The Baylor College of Medicine Human Genome Sequencing Center sequenced 

two closely related species’ genomes, dwarf honey bee (Apis florea) and buff-tailed bumble bee 

(Bombus terrestris), and performed deep transcriptome sequencing of multiple A. mellifera tissue 

and developmental stages [3].  This evidence was incorporated into several gene prediction 

algorithms, including N-SCAN.  Output from all the gene prediction programs was combined 

using GLEAN [10] to generate a new, more complete official gene set, OGSv3.2 [3].  We 
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compared the N-SCAN set to OGSv3.2 and the other prediction sets GLEAN used to generate 

OGSv3.2 in order to assess N-SCAN’s strengths and weaknesses.  

In this analysis, A. mellifera is our target genome and A. florea and B. terrestris are our 

informant genomes.  Because N-SCAN parameter files were not available for the honey bee 

genome, we tested several data and processing variables in the parameter file production 

workflow to explore how they affected the final gene prediction set.  Upon choosing the set of 

variables that led to the best N-SCAN prediction set, we generated species-specific parameter 

sets for each A. mellifera-informant set.  Running N-SCAN with each informant genome both 

separately and together allowed for quantification of the effectiveness of each informant genome 

using sensitivity and specificity measures.  The availability of transcript data for A. mellifera as 

well as A. florea and B. terrestris allowed us to check predictions against known expressed 

sequences to provide additional confidence in some predictions.  Finally, because each algorithm 

has different strengths, the availability of OGSv3.2 and the other input prediction gene sets that 

GLEAN used to generate OGSv3.2 allowed us to compare prediction methods and determine 

novel gene predictions in the N-SCAN set. 

 

METHODS  

Generation of training and testing sets 

We constructed Training Set 1 by aligning contigs of assembled transcriptome data from 

seven 454 libraries (abdomen, brain/ovary, embryo, larvae, mixed antennae, ovary and testes) 

and two Illumina libraries (Nurse and Forager brain), a total of 291,098 sequences, to Amel_4.5 

using the Program to Assemble Spliced Alignments (PASA) [59]. PASA is an annotation tool 

that models gene structures from spliced alignments of expressed transcripts, with the Genomic 
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Mapping and Alignment Program (GMAP) [51].  The longest, complete open-reading frame 

from each locus was selected for a total of 8,201 non-overlapping transcripts.  A randomly 

sampled set of 1,000 sequences was removed to generate a Test Set, and the remaining 

sequences constituted Training Set 1.  Katharina Hoff and Mario Stanke (University of 

Greifswald) supplied Training Set 2.  They used OGSv1.0, which was annotated on Amel_2.0, as 

well as transcriptome evidence in their Augustus pipeline to generate Training Set 2 [3].  Both 

training sets included UTR features in their sequences. 

 

Whole genome alignments with LASTZ 

We used LASTZ [60] with default parameters to align each of the target, Amel_4.5, 

genome assembly scaffolds to the whole genome assemblies of the informant species A. florea, 

Aflo_1.0, and B. terrestris, Bter_1.0.   

 

Generation of N-SCAN parameter files 

N-SCAN requires a parameter file that quantitatively describes the characteristics of 

genes in the target genome including intron, intergenic and UTR length distributions, splice sites 

and the nucleotide composition of coding and non-coding sequences [27].  Because a N-SCAN 

parameter file for A. mellifera was not available, we used iParameterEstimation [61] to generate 

a N-SCAN compatible species-specific parameter set from a training set of annotations, the 

target genome sequence and whole genome target to informant alignment files. 

We tested all combinations of four different parameter set generation variables, for a total 

of 16 parameter files, to determine how they affected the prediction set produced by N-

SCAN.  The first variable was the genome alignment software (BLASTZ [62] or LASTZ [60]).  
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The second variable was the use of an unmasked assembly or masking the target Amel_4.5 

assembly with RepeatMasker [63] for simple sequence repeats (SSR), but no other classes of 

repeats or low-complexity sequence.  If performed, the masking was only done during the whole 

genome alignment stage so final gene predictions were always performed on unmasked target 

genome sequence. The third variable was the effect of using Training Set 1 versus 2 (described 

above).  The fourth variable was the inclusion or exclusion of UTR features in the Training Set 

during parameter estimation.  For these parameter set evaluations, the A. florea genome was used 

as the informant genome.   

We aligned the genes produced from these different parameter sets to the Test Set 

(described above) using FASTA to assess quality.  We performed two tests, the “Perfect Match” 

test and the “Match” test (Table 6).  Perfect Matches required 99% identity over the entire length 

of the Test Set gene, thus testing to ensure exon and intron structure was correct.  Matches 

required 99% identity, but did not have to be over the full length, thus testing that the locus was 

found, but the exon and intron structure may not be correct.  99% identity was used in place of 

100% to allow for some polymorphism since the Test Set was developed from transcripts 

sequenced from multiple different individuals than the reference genome sequence.  We did not 

use a lower percent identity because we wanted to err on the side of not grouping paralogs. 

 

Generation of N-SCAN prediction set 

We ran N-SCAN individually on each scaffold using an A. mellilfera-informant specific 

parameter set and the LASTZ A. mellifera-informant genome sequence alignments.  Informant 

genomes included A. florea (Aflo_1.0 scaffold assembly) and Bombus terrestris (Bter_1.0 contig 

assembly).  We tested single and double combinations of the informant genomes with parameter 



	   48	  

sets generated specifically for each using the parameter estimation variables chosen as the best 

(Training Set 2 with UTR features included, alignment of the target and informant genomes with 

LASTZ, and SSR masking of the target genome during the genome alignment step). 

 

Evaluation of N-SCAN predictions 

We evaluated N-SCAN prediction sets against the Test Set using FASTA alignments (as 

described above) and against the Amel_4.5 NCBI RefSeq and Gnomon [11] prediction sets using 

Eval [64]. NCBI’s RefSeq predictions were evidence based and included 10,035 protein-coding 

genes and 10,562 transcripts.  NCBI’s Gnomon predictions included 16,006 protein-coding 

genes and 16,578 transcripts.   

 

BLASTN alignment of N-SCAN prediction set against A. florea and B. terrestris genomes 

 We aligned the N-SCAN predictions, generated using A. florea as the informant, to the A. 

florea and B. terrestris genome assemblies (Aflo_1.0 and Bter_1.0, respectively) using BLASTN 

[20] with an E-value criterion of 1 x 10-06.   

 

Overlap of N-SCAN transcripts with OGSv3.2 and all prediction sets used to generate OGSv3.2 

 We compared the genomic coordinates of the coding sequence of each of the 27,115 N-

SCAN transcripts to the coding sequence of OGSv3.2 genes as well as all of the other prediction 

sets used to generate OGSv3.2 [3], including: Gnomon [11], Augustus [13], FGenesH++ [16], 

GeneID [14], and SGP2 [15].   

 

Alignment of A. mellifera expressed transcripts 
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 We used Maker [25] to align A. mellifera expressed transcripts to the Amel_4.5 

assembly, using WU-BLAST [65] and Exonerate [66].  Expressed transcript data included 454 

transcripts from abdomen, brain/ovary, embryo, larvae, mixed antennae, ovary and testes; 

contigs of Illumina transcripts from nurse and forager bee brain; and ESTs from NCBI’s dbEST 

[3].   

 

Overlap of N-SCAN transcripts with A. mellifera expressed transcript evidence 

 We compared the genomic coordinates of the expressed sequences from each A. mellifera 

expressed transcript library (see above) to the coordinates of the N-SCAN coding sequences.  

The coding direction of a transcript alignment is determined based on the canonical DNA splice 

site sequence signals of a GT dinucleotide at the 5' of the intron sequence and an AG 

dinucleotide at the 3' of the intron.  Therefore we are unable to determine coding directionality of 

un-spliced transcript alignments.  For spliced transcript alignments, if the coding direction was 

opposite to that of the gene then it was discarded from further analysis.  For transcript alignments 

with coding direction equal to that of the predicted gene or transcript alignments that were un-

spliced, in which case directionality could not be determined, a coordinate overlap of at least one 

coding base pair was required for a gene to count as overlapping with a transcript alignment. 

  

Manual annotation 

 We viewed N-SCAN models and supporting evidence in a GBrowse [67] genome 

browser available through the Hymenoptera Genome Database [68] to see how well the gene 

models agreed with the evidence.   
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Splice site and single versus multiple coding exon gene analysis 

 We assessed the genomic sequence of the two intronic base pairs adjacent to each coding 

sequence exon-intron splice site to determine whether they corresponded to the canonical …]5’-

GT//AG-3’[… splice site sequence for each prediction in the N-SCAN set, OGSv3.2, and all of 

the other input prediction sets.  We considered splice sites supported if the intron coordinates of 

spliced transcript alignment evidence matched the splice coordinates.  The proportion of splice 

sites that agreed with spliced transcript evidence and the proportion of single versus multiple 

coding exon genes were recorded for each set.   

 

Prediction set contribution to coding exon presence in OGSv3.2 

We assessed how often the single, initial, internal and terminal exons of OGSv3.2 genes 

overlap an N-SCAN coding exon or a coding exon from another input gene prediction set.  When 

the coding exon was only overlapped by a single prediction method, we deemed it unique and 

checked whether the exon coordinates overlapped with the coordinates of an expressed transcript 

to determine if it was supported by evidence.   

 

Alignment of N-SCAN exons to informant genomes and overlap with informant expressed 

sequence evidence analysis 

 We used Maker to align the individual N-SCAN coding exon sequences as alternate 

organism cDNA sequences, to the Aflo_1.0 and Bter_1.0 genome assemblies with default 

parameters (80% TBLASTX percent coverage, 85% percent identity, and E-value 1 x 10-10).  We 

then assessed whether the coordinates of the aligned exon overlapped an expressed transcript in 
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the informant genome.  We also assessed whether the exon coordinates in the Amel_4.5 

assembly overlapped any A. mellifera expressed sequence evidence or an OGSv3.2 coding exon. 

  

RESULTS 

Generation of N-SCAN parameter files 

We tested all combinations of four different parameter set generation variables to 

determine how they affected the prediction sets produced by N-SCAN.  The four variables 

included the genome alignment software, masking of the target genome for simple sequence 

repeats, two different training sets, and the inclusion of UTR features in the training set.  The 

genome alignment software did not have an effect (data not shown), but the other three variables 

produced large differences in the number of N-SCAN predicted genes (Table 6).   

We aligned predicted genes to the Test Set to assess quality.  Since none of the sets had 

the largest numbers in both the Perfect Match and Match tests, we chose to prioritize the Match 

criterion (Table 6), which would suggest the highest sensitivity, or ability to predict known 

genes, but possibly allowing a higher number of genes with incorrect exon/intron structure.  

Training Set 2 with UTR features included, alignment of the target and informant genomes with 

LASTZ, and SSR masking of the target genome during the genome alignment step were chosen 

as the optimal parameter estimation variables (Set 7 in Table 6) because the resulting gene set 

had the largest number of FASTA matches to the Test Set, indicating it had the highest 

sensitivity of all the prediction sets tested.   
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Set Masking1 Training Set2 UTR3 Number of Genes Predicted Perfect Match4 Match4 

1 None 1 + 33,201 272 759 

2 None 1 - 11,514 71 748 

3 None 2 + 22,939 254 763 

4 None 2 - 8,590 57 702 

5 SSR 1 + 34,002 275 760 

6 SSR 1 - 11,675 68 756 

7 SSR 2 + 27,115 262 774 

8 SSR 2 - 8,593 58 707 

Table 6: Comparison of genes predicted using different N-SCAN parameter files for Apis mellifera.  Parameter 
estimation variables were tested to determine how they affected the prediction set produced by N-SCAN when Apis 
florea was used as the informant genome.   
1Masking of the Amel_4.5 genome for simple sequence repeats (SSR) was only used for the LASTZ target to 
informant genome alignments; gene prediction was performed on the unmasked genome.   
2The two training sets used were Training Set 1 and Training Set 2.  We generated Training Set 1 by aligning 
contigs from seven 454 and two Illumina sets (291,098 sequences total) to Amel_4.5using PASA with GMAP.  The 
longest, complete open-reading frame from each locus was selected (8,201 non-overlapping transcripts) of which 
1,000 were reserved as a testing set and the remainder was used as Training Set 1. Katharina Hoff provided Training 
Set 2, which included genes from the annotation of Amel_2.0 in the training procedure as well as transcriptome 
evidence. 
3UTR features were either included or not included for the training genes during parameter estimation. 
4FASTA alignments of the Test Set (1,000 genes) and the prediction set were used to assess quality.  Perfect 
matches require 99% identity over the length of the Test Set gene, while matches require 99% identity, but did not 
have to be over the full length.  Thus matches indicated that the locus was found, but the intron and exon structure 
may not be correct. 
 

Generation and Evaluation of N-SCAN prediction sets 

We ran N-SCAN on A. mellifera using A. florea and B. terrestris separately and together 

as informants (Table 7), using the parameter estimation variables chosen as the best (described 

above). 
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Informant Genome(s) Number of Genes 
Perfect 

Match 
Match 

Aflo_1.0 27,115 262 774 

Bter_1.0 24,365 279 758 

Aflo_1.0 & Bter_1.0 22,008 289 752 

Table 7: Amel_4.5 gene prediction with one or two informant genomes.  N-SCAN gene predictions were 
produced for Amel_4.5 using Apis florea (Aflo_1.0) and Bombus terrestris (Bter_1.0) as informant genomes both 
separately and together.  The parameter estimation step used Training Set 2 with UTR features and SSR masking of 
Amel_4.5 during genome alignments.  FASTA alignments of the Test Set (1,000 genes) to the prediction set were 
used to assess quality.  Perfect matches require 100% identity over the length of the testing set gene, while matches 
require high identity, but do not have to be over the full length. 
 

We evaluated these N-SCAN prediction sets against NCBI’s RefSeq and Gnomon 

prediction sets.  Since the Test Set was built from transcript data, it is unlikely to be complete at 

every locus.  RefSeq was chosen as a comparative set because it is produced using a highly 

regarded, reliable, and conservative pipeline.  RefSeq is a subset of NCBI’s Gnomon set, which 

is a relatively conservative ab initio predictor.  The N-SCAN set generated using Aflo_1.0 as the 

informant was chosen as the best because it had the highest overall nucleotide and coding 

sequence (CDS) overlap sensitivity in Eval overlap comparisons to RefSeq predictions (Table 8).  

This high sensitivity provided us with confidence in the ability of N-SCAN to detect known 

genes and bolstered support for the existence more than 2,300 Gnomon predictions overlapped 

by a N-SCAN prediction, but not included in the RefSeq set. 
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Eval Comparison 

Criteria 

Aflo_1.0 

based N-

SCAN set 

compared 

to 

Gnomon 

Aflo_1.0 

based N-

SCAN set 

compared 

to RefSeq 

Bter_1.0 

based N-

SCAN set 

compared 

to 

Gnomon 

Bter_1.0 

based N-

SCAN set 

compared 

to RefSeq 

Aflo_1.0 

& 

Bter_1.0 

based N-

SCAN set 

compared 

to 

Gnomon 

Aflo_1.0 

& 

Bter_1.0 

based N-

SCAN set 

compared 

to RefSeq 

Nucleotide 

Sensitivity 
92.92% 95.43% 93.07% 95.37% 91.49% 94.39% 

Nucleotide 

Specificity 
69.87% 61.38% 73.25% 64.2% 76.2% 67.24% 

Number of 

Gnomon/RefSeq 

Models with CDS 

Overlap to 

Predictions 

12,368 10,005 12,365 9,968 12,014 9,894 

CDS Overlap 

Sensitivity 
74.60% 94.73% 74.59% 94.38% 72.47% 93.68% 

CDS Overlap 

Specificity 
44.44% 37.33% 49.81% 41.74% 53.59% 45.72% 

Table 8: Comparison of Amel_4.5 N-SCAN predictions to NCBI’s RefSeq and Gnomon predictions.  Gnomon 
predictions are ab intio and include 16,006 genes and 16,578 transcripts.  RefSeq predictions are evidence based and 
include 10,035 genes and 10,562 transcripts; they are a sub-set of the Gnomon set.  The N-SCAN sets produced 
using Aflo_1.0, Bter_1.0 or both assemblies as informant genomes were compared to the Gnomon and RefSeq sets 
using Eval.  The number of overlapping Gnomon or RefSeq models with N-SCAN predictions is the number of 
predictions in these reference sets that were able to be identified by N-SCAN (a measure of overlap sensitivity).  
Sensitivity in this case is a measure of N-SCAN’s ability to detect Gnomon or RefSeq features while specificity 
indicates what proportion of N-SCAN’s total output corresponds to Gnomon or RefSeq features. 
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Alignment of N-SCAN prediction set against A. florea and B. terrestris genomes 

 We aligned the A. mellifera N-SCAN predictions generated using A. florea as the 

informant, to the A. florea and B. terrestris genome assemblies.  Out of the 27,115 N-SCAN 

predictions, 26,410 (97.4%) N-SCAN predictions aligned to Aflo_1.0 and 25,667 (94.7%) 

aligned to Bter_1.0.  Of these, 25,654 (94.6%) N-SCAN predictions aligned to both assemblies, 

while 769 (2.8%) aligned to only one of the two assemblies and 692 (2.6%) predictions did not 

align to either assembly.   

 Since the length of the prediction could affect its ability to align to the other assemblies 

under the criteria given, we checked the length of the predictions that did and did not align to the 

other assemblies.  The average coding sequence length of all N-SCAN predictions is 917 bp.   

The N-SCAN predictions that aligned to both of the genome assemblies had an average coding 

sequence length of 941 bp.  The N-SCAN predictions that aligned to only one of the two 

assemblies had an average coding sequence length of 322 bp and those that aligned to neither of 

the assemblies had an average coding sequence length of 678 bp.  While the length of the 

predictions that did not align to both genomes is shorter than the set average, the fact that the 

length of the predictions that aligned to neither assembly is twice as long as those that aligned to 

one of the two assemblies indicates the length of the predictions is unlikely to be a major reason 

predictions did not overlap with the informant assemblies. 

 

Overlap of N-SCAN transcripts with OGSv3.2 and all prediction sets used to generate OGSv3.2 

 We compared the genomic coordinates of the coding sequence of each of the 27,115 N-

SCAN transcripts to the coding sequence of OGSv3.2 genes as well as all of the other prediction 

sets used to generate OGSv3.2.  There were 11,310 (41.7%) N-SCAN predictions that did not 
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overlap a prediction in any of the other input prediction sets.  Of these predictions unique to N-

SCAN, 33 (0.3%) predictions overlap an OGSv3.2 gene model.   

 Of the 11,310 N-SCAN predictions that did not overlap a prediction in any of the other 

input prediction sets, 11204 (99.1%) align to Aflo_1.0 and 10,687 (94.5%) align to Bter_1.0.  All 

33 of the predictions that overlap an OGSv3.2 model, but did not overlap a prediction in any of 

the other input prediction sets, aligned to both Aflo_1.0 and Bter_1.0.  Therefore, the sequences 

underlying these predictions do appear to be well conserved, but they may or may not belong to 

protein-coding genes. 

 

Overlap of N-SCAN transcripts with A. mellifera expressed transcript evidence 

 We compared the genomic coordinates of the A. mellifera transcript alignments to the 

coordinates of the N-SCAN coding sequences.  Out of the full 27,115 N-SCAN predictions, 

16,443 predictions (60.6%) overlapped either a spliced or un-spliced transcript alignment; 10,433 

predictions (38.5%) overlapped a spliced transcript alignment and 14,560 (53.7%) overlapped an 

un-spliced transcript alignment.  Of the 11,310 N-SCAN-specific predictions that did not overlap 

a prediction in any of the other input prediction sets, 4,242 (37.5%) overlapped either a spliced 

or un-spliced transcript alignment; 541 (4.8%) of these N-SCAN predictions overlapped a 

spliced transcript alignment and 4,142 (36.6%) overlapped an un-spliced transcript alignment.  

Along with the high fraction of these N-SCAN-specific predictions that align to other bee 

genomes, those that also overlap transcript alignments have additional evidence that the 

sequence likely belongs to a real gene.  However, these expressed genes could be non-protein 

coding genes.  Of the 33 N-SCAN predictions that did not overlap a prediction in any of the 

other input prediction sets, but did overlap an OGSv3.2 gene model, 29 overlapped a transcript 
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alignment (27 overlapped a spliced transcript alignment and 25 overlapped an un-spliced 

transcript alignment). 

 

Manual annotation 

 We viewed the 33 N-SCAN models that do not overlap a prediction in any of the other 

input prediction sets, but overlap an OGSv3.2 gene model, in a genome browser along with all 

supporting evidence to see how well the gene models agreed with the evidence.  The majority 

(28 models) did not have sufficient evidence to infer whether they were true positives.  Three 

gene models appeared to be exons that belonged to larger transcripts; split gene models (N-

SCAN Group1.7.066.1, Group5.11.057.1, and Group7.5.001.1 predictions).  Two N-SCAN gene 

models appeared to be fully supported by the available evidence and were complete matches to 

the OGSv3.2 genes they overlapped (N-SCAN Group10.6.021.1 and OGSv3.2 GB52333, N-

SCAN Group2.17.022.1 and OGSv3.2 GB52449). 

 

Splice site and single versus multiple coding exon gene analysis 

 We assessed the genomic sequence of the two intronic base pairs adjacent to each donor 

and acceptor splice site to determine whether they corresponded to the canonical splice site 

sequence for each prediction in the N-SCAN set, OGSv3.2, and all the other gene prediction sets.  

The N-SCAN set had 4,808 (17.7%) genes with a single coding sequence exon and 22,307 

(82.3%) with multiple coding exons.  All splice sites (with unambiguous donor and acceptor 

sequences) were canonical and 47,360 of 94,741 (50%) introns were supported by spliced 

transcript evidence.  In comparison to the other input gene prediction sets and OGSv3.2 that used 

the expressed transcript evidence, N-SCAN, had the fewest introns supported by transcript 
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alignments.  This did not overly concern us because our reason for running N-SCAN was to find 

genes that did not have transcript evidence.  N-SCAN also had a below average number of 

coding exons per gene, but performed in the middle of the group in terms of the number of genes 

with single versus multiple coding sequence exons (Table 9).   

 

 N-SCAN OGSv3.2 Gnomon Augustus FgenesH++ GeneID SGP2 

Total No. of genes 27,115 15,314 16,578 13,924 33,085 24,409 13,571 

Total No. of coding 

sequence exons 
121,856 81,526 82,293 108,881 153,465 87,145 70,098 

Avg. No. coding 

exons per gene 
4.5 5.3 5.0 7.8 4.6 3.6 5.2 

No. of genes with a 

single coding 

sequence exon 

4,808 

(17.7%) 

2,059 

(13.4%) 

4,401 

(26.5%) 

1,301 

(9.3%) 

1,058 

(3.2%) 

9,688 

(39.7%) 

2,490 

(18.3%) 

No. of genes with 

multiple coding 

sequence exons 

22,307 

(82.3%) 

13,255 

(86.6%) 

12,177 

(73.5%) 

12,623 

(90.7%) 

32,027 

(96.8%) 

14,721 

(60.3%) 

11,081 

(81.7%) 

Total No. of introns 94,741 66,212 65,715 94,957 120,380 62,736 56,527 

Number of introns 

<4bp 

1,097 

(1.2%) 

0 

(0%) 

0 

(0%) 

0 

(0%) 

0 

(0%) 

0 

(0%) 

0 

(0%) 

Canonical intron 

count 

93,644 

(98.8%) 

65,669 

(99.2%) 

64,174 

(97.7%) 

94,401 

(99.4%) 

119,558 

(99.3%) 

62,736 

(100%) 

56,527 

(100%) 

No of non-canonical 

introns 

0 

(0%) 

543 

(0.8%) 

1,541 

(2.3%) 

556 

(0.6%) 

822 

(0.7%) 

0 

(0%) 

0 

(0%) 

No. introns 

supported by 

evidence 

47,360 

(50.0%) 

54,514 

(82.3%) 

53,028 

(80.7%) 

74,709 

(78.7%) 

83,324 

(69.2%) 

38,953 

(62.1%) 

38,778 

(68.6%) 

No. introns not 

supported by 

evidence 

46,284 

(48.9%) 

11,698 

(17.7%) 

12,687 

(19.3%) 

20,248 

(21.3%) 

37,056 

(30.8%) 

23,783 

(37.9%) 

17,749 

(31.4%) 
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No. canonical introns 

supported by 

evidence 

47,360 

(50.6%) 

54,145 

(82.5%) 

52,765 

(82.2%) 

74,204 

(78.6%) 

82,811 

(69.3%) 

38,953 

(62.1%) 

38,778 

(68.6%) 

No. non-canonical 

introns supported by 

evidence 

0 

 

369 

(68.0%) 

263 

(17.1%) 

505 

(90.8%) 

513 

(62.4%) 

0 

 

0 

 

Table 9: Coding sequence exon, intron and splice site analysis.  Splice sites were considered supported if the 
intron coordinates of spliced expressed sequence transcript alignment evidence matched the splice coordinates.  
Canonical splice site sequences have ‘GT’ at the 5’ edge of the intron and ‘AG’ at the 3’ edge of the intron.  
 

N-SCAN contribution to coding exon presence in OGSv3.2 

Because N-SCAN may predict genes in multiple pieces, but perform well as an exon 

finder, we assessed how often the single, initial, internal and terminal exons of OGSv3.2 genes 

overlap an N-SCAN coding exon or a coding exon from another input gene prediction set.  When 

the coding exon was only overlapped by a single prediction method, we deemed it unique and 

checked whether the exon was supported by expressed transcript evidence.  On terminal exons, 

N-SCAN has the highest proportion of supported, unique coding exons (43%, Table 10).  This 

suggests N-SCAN is a good terminal exon gene finder. 

 

 OGSv3.2 N-SCAN Augustus FgenesH++ Gnomon GeneID SGP2 

No. single coding exons 2059 1443 1019 892 1394 1872 804 

No. single coding exons supported by evidence 329 223 134 165 197 293 159 

Proportion single exons supported by evidence 16.0% 15.5% 13.2% 18.5% 14.1% 15.7% 19.8% 

No. of single exons unique to set NA 5 9 2 1 12 3 

Proportion of single exons unique in set NA 0.3% 0.9% 0.2% 0.1% 0.6% 0.4% 

No. unique single exons supported by evidence NA 1 3 0 0 6 2 
Proportion of unique single exons supported by 

evidence NA 20.0% 33.3% 0.0% 0.0% 50.0% 66.7% 

No. initial coding exons 13255 9205 9011 11218 9675 8813 7724 

No. initial coding exons supported by evidence 3381 2207 2134 2829 2334 2083 1841 

Proportion initial exons supported by evidence 25.5% 24.0% 23.7% 25.2% 24.1% 23.6% 23.8% 

No. of initial exons unique to set NA 64 119 1139 268 51 17 

Proportion of initial exons unique in set NA 0.7% 1.3% 10.2% 2.8% 0.6% 0.2% 
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No. unique initial exons supported by evidence NA 21 45 416 103 8 7 
Proportion of unique initial exons supported by 

evidence NA 32.8% 37.8% 36.5% 38.4% 15.7% 41.2% 

No. internal coding exons 81526 70538 68414 72101 71788 66316 61821 

No. internal coding exons supported by evidence 19242 16191 15575 17055 16520 15002 14236 

Proportion internal exons supported by evidence 23.6% 23.0% 22.8% 23.7% 23.0% 22.6% 23.0% 

No. of internal exons unique to set NA 164 378 2683 633 146 38 

Proportion of internal exons unique in set NA 0.2% 0.6% 3.7% 0.9% 0.2% 0.1% 

No. unique internal exons supported by evidence NA 62 128 914 240 33 16 
Proportion of unique internal exons supported by 

evidence NA 37.8% 33.9% 34.1% 37.9% 22.6% 42.1% 

No. terminal coding exons 13255 9872 9699 11284 10201 9339 8341 

No. terminal coding exons supported by evidence 3638 2663 2579 3103 2785 2438 2243 

Proportion terminal exons supported by evidence 27.4% 27.0% 26.6% 27.5% 27.3% 26.1% 26.9% 

No. of terminal exons unique to set NA 49 94 1183 241 62 12 

Proportion of terminal exons unique in set NA 0.5% 1.0% 10.5% 2.4% 0.7% 0.1% 

No. unique terminal exons supported by evidence NA 21 24 373 97 15 4 
Proportion of unique terminal exons supported by 

evidence NA 42.9% 25.5% 31.5% 40.2% 24.2% 33.3% 

Table 10: Contribution of coding exons from each of the input prediction sets to OGSv3.2 and their support 
by transcript alignments.  An exon that is unique to a prediction set is an exon that overlaps an OGSv3.2 coding 
exon, but is not overlapped by a coding exon from any other prediction set. 
 

Alignment of N-SCAN exons to informant genomes and overlap with informant expressed 

sequence evidence analysis 

 N-SCAN may predict real exons in Amel_4.5 that do not overlap an A. mellifera 

transcript alignment due to lack of expression data from rarely or temporally expressed 

transcripts.  These exons, when aligned to informant genomes, may however overlap informant 

transcript sequences mapped on the informant genome.  Alignment of the exons to an informant 

suggests they are real due to conservation, but overlap with expressed sequence in another 

species provides even stronger support that the exons are also real expressed exons in A. 

mellifera.  

 Of the 121,856 N-SCAN coding exons, 80,173 (65.8%) overlap a transcript alignment in 

A. mellifera (Table 11).  Of the N-SCAN exons that do not overlap a transcript alignment in A. 

mellifera, 1,231 exons align to either the Aflo_1.0 or Bter_1.0 genome assemblies and overlap a 
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transcript alignment in at least one of the two informant genomes. Of these 1,231 exons, 827 

(72.1%) overlap an OGSv3.2 coding exon.  Informant expression evidence therefore supports the 

existence of additional coding exons not supported by A. mellifera expression evidence.   

 Due to the much larger amount of expressed sequence data for B. terrestris than A. florea, 

over 90% of the N-SCAN coding exons that aligned to the Bter_1.0 assembly also overlapped a 

transcript alignment, but only 31% of the N-SCAN coding exons that aligned to Aflo_1.0 

overlapped an A. florea transcript alignment (Table 11).  Additionally, the exons that aligned to 

the Bter_1.0 genome are likely more highly conserved and therefore more likely to have 

expression evidence. 

 

Total number of N-SCAN exons 121,856  
N-SCAN exons that overlap a transcript in A. mellifera 80,173 65.8% 

N-SCAN exons that align to Aflo_1.0 62,092 51.0% 
N-SCAN exons that align to Aflo_1.0 and overlap an A. florea transcript 19,192 15.7% 

N-SCAN exons that align to Aflo_1.0, overlap an A. florea transcript, but do 
not overlap an A. mellifera transcript 221 0.2% 

N-SCAN exons that align to Aflo_1.0, overlap an A. florea transcript, do not 
overlap an A. mellifera transcript, but do overlap an OGSv3.2 coding exon 154 0.1% 

N-SCAN exons that align to Bter_1.0 36,991 30.4% 
N-SCAN exons that align to Bter_1.0 and overlap a B. terrestris transcript 33,717 27.7% 

N-SCAN exons that align to Bter_1.0, overlap a B. terrestris transcript, but do 
not overlap an A. mellifera transcript 1,134 0.9% 

N-SCAN exons that align to Bter_1.0, overlap a B. terrestris transcript, do not 
overlap an A. mellifera transcript, but do overlap an OGSv3.2 coding exon 827 0.7% 

Table 11: Alignment of N-SCAN coding exons to informant genomes and overlap with informant transcript 
alignments.  Expressed sequences in informant genomes support aligned N-SCAN exons that lacked transcript 
support in A. mellifera. 
 

DISCUSSION 

The goal of this N-SCAN prediction effort was not to generate a single definitive gene 

prediction set for Amel_4.5, but rather to produce predictions that may aid detection of 
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previously uncharacterized A. mellifera genes based on genomic similarity to genomes of closely 

related species. We were not concerned with the high gene numbers produced by N-SCAN 

because ab initio gene predictors, which N-SCAN uses in the absence of homology evidence, are 

known to have a high false positive rate. Our goal was to achieve the highest true positive rate, 

without consideration for the false positive rate, since the N-SCAN set was only one of six gene 

prediction sets used as input to GLEAN [10] to produce the final consensus gene set (OGSv3.2) 

for Amel_4.5 [3]. 

Additionally, the goal of this paper is not to judge the overall quality of any prediction 

methods or gene set.  As the data supports, each gene prediction algorithm provided unique 

predictions in order to form the final official gene set.  This underscores the utility of running 

multiple gene prediction methods and combining their results to produce a final consensus gene 

set rather than relying on any single gene set alone. 

For each of the three informant genome combinations tested in this analysis, N-SCAN 

predictions had a high sensitivity in their overlap with the NCBI RefSeq model.  This high 

sensitivity provided us with confidence in the ability of N-SCAN to detect known genes.  It also 

bolstered support for the existence more than 2,300 Gnomon predictions overlapped by a N-

SCAN prediction, but not overlapped by a RefSeq model.  We were specifically interested in the 

Gnomon ab initio genes supported by N-SCAN, but not included in the RefSeq set.  The 

conservative nature of the RefSeq set means that many real genes may not have been included in 

the RefSeq set that we would ultimately want included in the official gene set.  Genes predicted 

by multiple ab initio methods and supported by N-SCAN predictions, regardless of expressed 

sequence support, are ideal candidates for further research to determine their coding potential. 



	   63	  

Because the N-SCAN set using Aflo_1.0 as an informant was chosen as the best input N-

SCAN prediction set to generate the new consensus gene set for A. mellifera (OGSv3.2), further 

analyses of the novel N-SCAN predicted genes and exons were based on this set.   

Over 97% of the N-SCAN predictions could be aligned to either Aflo_1.0 or Bter_1.0, 

but 42% of the N-SCAN predictions were not overlapped by a prediction from any of the other 

input prediction sets.  This large percentage of N-SCAN predictions not detected by any of the 

other gene prediction methods indicates N-SCAN may predict non-protein coding genes due to 

high conservation evidence.  A. mellifera transcript evidence overlaps 61% of the N-SCAN 

predictions; 66% of the N-SCAN coding exons.  Therefore, a large fraction of the N-SCAN 

predictions were supported by A. mellifera expressed sequence evidence independent of any 

genomic conservation used by the N-SCAN algorithm to predict the genes.   

The fact that A. mellifera expressed transcripts supported only 50% of N-SCAN introns 

suggests that one of the N-SCAN algorithm’s weaknesses is as a tool for sensitive or specific 

spliced transcript prediction.  However, we did find N-SCAN has strength as a terminal coding 

exon finder.  While there was only a 27% overall rate of support for terminal coding exons, N-

SCAN exons overlapped terminal OGSv3.2 coding exons with the highest proportion (43%) of 

predicted coding exons that were uniquely predicted (not overlapped by a coding exon in any 

other gene set) and supported by transcript evidence. 

Finally, we mapped the individual N-SCAN exons to the Aflo_1.0 and Bter_1.0 genome 

assemblies and considered whether they overlapped expressed transcript evidence in these 

genomes.  Although mapping individual exons is difficult, especially when they are short or 

made up of low-complexity sequence, we were able to map 51% of the exons to Aflo_1.0 and 

30% of the N-SCAN exons to Bter_1.0.  We found 1,231 exons that were not supported by an A. 
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mellifera transcript, but could be aligned to these informant genomes and overlapped an 

informant transcript alignment.  Of these, 827 overlap an OGSv3.2 coding exon.  These N-

SCAN predicted exons are therefore supported through both genomic conservation evidence and 

expressed sequence support in another genome, providing strong support for their existence as 

real coding exons in A. mellifera itself.   

N-SCAN proved to be an effective tool to generate a gene set based on genomic sequence 

conservation.  While a lot of time and expense went into generating the A. florea and B. terrestris 

informant genomes, with the current high rate of genome sequencing we will soon have 

numerous semi-closely related genomes for most species of interest.  Once we have more 

genome sequences at various evolutionary distances from target species of interest, methods like 

N-SCAN will be beneficial and will allow researchers to quickly and inexpensively create gene 

sets without the time and expense necessary to create transcriptome libraries.  Specifically, the 

new arthropod genomes being sequenced as part of the i5K initiative [69] may or may not have 

expression evidence to support gene predictions, however, the large number of genomes that will 

be sequenced and relatively closely related to a given target genome will allow for the use of 

cross-species similarity as evidence for predictions.   

The N-SCAN predictions generated for Amel_4.5 suggest N-SCAN contributed unique 

exon predictions that are supported by expressed sequence and sequence conservation evidence.  

Therefore N-SCAN is a useful prediction program to include in combination with other 

approaches for producing a high quality official gene set.  The N-SCAN prediction set is 

available as a track on the Amel_4.5 GBrowse site and as a BLAST database on BeeBase, a 

resource within the Hymenoptera Genome Database [68].  
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RESARCH CHAPTER THREE: Identification of Genes Specific to the Lineage of the 

Hymenopteran Insect, Honey Bee (Apis mellifera) 

 

INTRODUCTION 

Understanding how genes contribute to phenotype is an important goal in many areas of 

the life sciences.  Investigating lineage-specific genes may uncover mechanisms related to the 

emergence of lineage-specific traits.  Lineage-specific genes are those genes found in a given 

clade within a phylogenetic lineage that have no detectable sequence homology to genes outside 

the clade.  If the clade investigated is only a single species, then lineage-specific genes are also 

known as orphan genes.  To date, researchers have found that 10-20% of genes in every 

eukaryotic genome are lineage-specific based on comparative genome analyses of sequenced 

genomes [32].   

Some lineage-specific genes are known to be involved in species-specific adaptive 

processes [30-32].  In search of the genomic differences that contribute to lineage diversification 

in insects, we are interested in finding lineage-specific genes that are unique to Apis mellifera as 

well as those specific to the taxonomic groups that include A. mellifera within the order 

Hymenoptera.  The recent availability of over a dozen hymenopteran genomes and numerous 

other non-hymenopteran insect genomes provides a large comparative resource of both genomic 

and transcriptomic data needed to identify lineage-specific genes.  

Honey bees are an important model organism for behavioral and evolutionary research 

into sociality, learning, language, caste development, and developmental plasticity [4].  As a 

highly eusocial insect, honey bees live in close proximity to each other within hives and 

cooperate as a society with division of labor between castes [4].  Because the hive environment 
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is crowded, pathogens introduced to the hive may readily spread between individuals, therefore 

pathogen resistance and hive defense are critical to the efficient maintenance of the hive.  In 

addition to the single, reproductively active queen bee, each hive contains additional female bees 

that act as workers.  Workers are smaller and have a shorter lifespan than the queen [4].  These 

phenotypic differences between female bees are the result of an epigenetic mechanism controlled 

by the feeding of a substance called royal jelly.  Royal jelly feeding to a prospective queen larvae 

results in a different methylation pattern across the genome of the queen relative to the workers, 

which leads to the queen bee phenotype [6].  Worker castes have different jobs dependent on 

their age, with the youngest workers acting as nurse bees and the oldest as foragers [4].  Since 

honey bees are so well adapted to their specific environmental conditions it is feasible that there 

are lineage-specific genes involved in some of these adaptive processes. 

We identified genes that were specific to the A. mellifera species, Apis genus, Apidae 

family, and Hymenoptera order, including those with tentative roles in brood care, immunity and 

other processes important to hive functioning and health, and thus potentially critical to the 

emergence of eusociality.  Further analysis of these lineage-specific genes will contribute to an 

improved understanding of their specific gene functions and the evolution of phenotypic traits 

unique to A. mellifera. 
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Figure 1: Phylogenetic relationship between the genomes included in this analysis.  This representative tree was 
made using iTOL software [70] based on phylogenetic relationship data from [26, 71-73].   Branch lengths do not 
indicate timescale. 
 

METHODS 

Overall approach 

 We used genomic sequence conservation and protein homology in order to identify 

lineage-specific genes unique to A. mellifera as well as those specific to the taxonomic groups 

that include A. mellifera within the order Hymenoptera.  Characteristics of lineage-specific genes 

were measured including number of coding exons, length, transcript and protein alignment 

overlap, and tissue specificity. 
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TBLASTN alignment of OGSv3.2 genes to genome assemblies 

 We aligned the 15,314 OGSv3.2 proteins [3] to each of seventeen genomes (species 

shown in Figure 1) using TBLASTN [20].  With a more relaxed E-value criterion, more proteins 

are likely to align to the other genomes and therefore not be classified as lineage-specific.  Thus, 

in an effort to be conservative in the number of genes we predicted to be lineage-specific, we 

used a relaxed E-value criterion of 0.01.  

The 17 genomes included a vertebrate out-group, Homo sapiens (GRCh37.p10) [74] in 

addition to representatives from five insect orders including Hemiptera, Acyrthosiphon pisum 

(Acyr_2.0) [75]; Coleoptera, Tribolium castaneum (Tcas_3.0) [76]; Diptera, Drosophila 

melanogaster (Dmel_r5.41) [44]; Lepidoptera, Bombyx mori (Bmori_2.0) [77]; and 

Hymenoptera.  The 12 hymenopteran species included Nasonia vitripennis (Nvit_2.0) [78]; 

seven members of the Formicidae family (ants): Harpegnathos saltator (Hsal_3.3) [47], 

Linepithema humile (Lhum_1.0) [48], Camponotus floridanus (Cflo_3.3) [47], Pogonomyrmex 

barbatus (Pbar_1.0) [49], Solenopsis invicta (Sinv_1.0) [79], Atta cephalotes (Acep_1.0) [46], 

and Acromyrmex echinatior (Aech_2.0) [80]; and four members of the Apidae family including 

two Bombus species: B. impatiens (Bimp_2.0) and B. terrestris (Bter_1.0), and two Apis species: 

A. florea (Aflo_1.0), A. dorsata (Ador_1.0) (Figure 1). 

The exact time of evolutionary divergence between the three Apis species considered in 

this analysis is not known.  However, the basal position of the dwarf honey bee group that 

includes A. florea, relative to the giant honey bee group that includes A. dorsata, and the cavity-

nesting group of honey bees that includes A. mellifera, is not disputed based on multiple 

molecular analyses (for example [71, 73]; Figure 1).   
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OGSv3.2 search against NCBI’s non-redundant nucleotide database for group assignments 

The 10,580 OGSv3.2 genes with protein alignments to any of the five non-Hymenopteran 

species were removed from consideration as lineage-specific genes.  Because short genes may 

not have aligned to other genomes with TBLASTN, but they may have protein homolog matches 

in NCBI’s non-redundant protein database (NR), we aligned the 4,734 OGSv3.2 proteins that 

only aligned to Hymenoptera genomes to the NR database (downloaded January 10, 2013) using 

BLASTP [20] with an E-value criterion of 0.01.  Using GI identifiers, we downloaded GenBank 

files for each match to obtain its taxonomic information.   

We then sub-divided the OGSv3.2 genes into four groups depending on which of 17 

genome assemblies they aligned to with TBLASTN (see above) and the taxonomy of any 

matches to the NR database. We labeled OGSv3.2 genes as A. mellifera-specific (AM) if they 

did not align to any of the 17 genomes and had no matches to the NR database outside of A. 

mellifera.  We labeled genes Apis-specific (APS) if they aligned to the A. dorsata and/or A. 

florea genomes, but aligned to no other genomes and had no matches outside of the Apis genus 

in NR.  We labeled genes Apidae-specific (APD) if they aligned to A. dorsata, A. florea, B. 

impatiens and/or B. terrestris, but no other genomes and had no matches outside the Apidae 

family in NR.  Finally, we labeled genes Hymenoptera-specific (H) if they aligned to any of the 

12 Hymenopteran genomes, but no genomes outside the order, and had no matches to the NR 

database outside the Hymenoptera order.  Genes were assigned to only a single group, the most 

specific group to which they fit.  The remaining OGSv3.2 genes that did not fall into one of the 

four lineage-specific groups were considered Non-Hymenoptera-specific (NH). 

 

Alignment of expressed transcripts 
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 We used Maker [25] to align transcript sequences from each of the bees to their 

respective genome assemblies, using WU-BLAST [65] and Exonerate [66].  A. mellifera had 

transcript data available from 454 contigs of abdomen, brain/ovary, embryo, larvae, mixed 

antennae, ovary and testes; contigs of Illumina transcripts from nurse and forager brain and ESTs 

from NCBI’s dbEST [3].   

Limited gene expression data was also available for three of the other four bee genomes 

considered in this study.  We downloaded A. florea, B. impatiens, and B. terrestris mRNA 

sequences from NCBI’s GenBank Nucleotide database and B. terrestris EST sequences from 

NCBI’s dbEST database.  We also used as evidence for B. terrestris the assembled 454 contigs 

from multiple life stages provided by researchers at Trinity College Dublin and the University of 

Edinburgh [81]. 

 

Overlap of TBLASTN alignments and expressed transcripts on informant genomes 

 We determined the overlap of TBLASTN alignments of OGSv3.2 coding sequences on 

the Aflo_1.0, Bimp_2.0 and Bter_1.0 genome assemblies with each species’ set of transcript 

alignments (see above).  We required overlap of at least one coding base pair with the 

coordinates of a transcript alignment to count as overlapping with an informant transcript. 

 

InterPro analysis 

 We used Iprscan [82] to compare OGSv3.2 proteins with the following InterPro [83] 

protein domain and motif databases: PFAM [84], TIGRFAMS [85], SMART [86], PRODOM 

[87], PROSITE [88], PIRSF [89], GENE3D [90], SUPERFAMILY [91],  and PANTHER [92].  
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TargetP sub-cellular location prediction 

 We used TargetP [93], an algorithm that predicts protein subcellular location for 

eukaryotic species, to determine if OGSv3.2 protein sequences had either a mitochondrial 

targeting peptide sequence or a secretory pathway signal peptide.   

 

OGSv3.2 rank and sub-rank assignments 

 We divided lineage specific groups further into rankings and sub-rankings dependent on 

three criteria: 1.) if the OGSv3.2 gene overlapped A. mellifera transcript alignment; 2.) if 

TBLASTN alignments of the OGSv3.2 protein on the informant genome overlapped an 

informant transcript alignment; and 3.) whether the genes had an InterPro domain or TargetP 

recognized signal peptide. 

 We divided the AM group genes into two ranks; Rank 1 if they overlapped an A. 

mellifera transcript alignment and Rank 2 if they did not.  We divided the APS, APD and H 

groups into four ranks: Rank 1 if they overlapped a transcript alignment in A. mellifera as well as 

at least one transcript alignment in one of the informant bee genomes (A. florea, B. impatiens or 

B. terrestris); Rank 2 if they overlapped a transcript alignment in at least one bee informant 

genome, but had no transcript evidence in A. mellifera; Rank 3 if they overlapped an A. mellifera 

transcript alignment, but not a transcript alignment in any of the informant bee genomes; and 

Rank 4 if they did not overlap a transcript alignment in any genome (Table 12). 

We divided the Ranks into Sub-ranks depending on whether they contained either a 

recognized InterPro domain or TargetP signal peptide. Sub-rank “a” contained genes with at least 

one an IPR domain or signal peptide and sub-rank “b” genes did not contain either of these 

(Table 12). 
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Group Rank Sub-
rank 

Expression in 
A. mellifera 

Alignment of gene to 
another bee genome 

overlaps alignment of 
informant bee 

transcript 

IPR 
domain or 
TargetP 
signal 

peptide 

AM 
1 

a x   x 
b x     

2 
a     x 
b       

APS, 
APD, and 

H 

1 
a x x x 
b x x   

2 a   x x 
b   x   

3 a x   x 
b x     

4 a     x 
b       

Table 12: Rank and Sub-ranking system after filtering genes against NCBI’s NR database. The AM group 
includes A. mellifera specific genes, APS includes Apis specific genes, APD includes Apidae specific genes, and H 
includes Hymeoptera specific genes.  Group AM Rank 1 genes overlap an A. mellifera transcript alignment and 
Group AM Rank 2 genes do not.  For Groups APS, APD and H, Rank 1 corresponds to genes that overlap a 
transcript alignment in A. mellifera and have at least one OGSv3.2 alignment to an informant that overlapped an 
informant transcript alignment (A. florea, B. impatiens or B. terrestris); Rank 2 genes had transcript alignments in at 
least one bee informant genome, but no transcript alignments in A. mellifera; Rank 3 genes overlap an A. mellifera 
transcript alignment, but did not have expressed transcript evidence in any of the informant bee genomes; and Rank 
4 genes did not overlap transcript alignments in any genome.  Sub-rank “a” genes contain at least one recognized 
InterPro domain or TargetP signal peptide, while sub-rank “b” genes contain neither. 
 

Coding exon number and length analysis  

The total length of the coding exons and the number of coding exons was calculated for 

each gene.  Means were calculated for the group of NH genes and for each group of lineage-

specific genes.  We tested the null hypothesis that the mean coding lengths and mean number of 

coding exons of all NH genes versus each of the four lineage-specific groups were equal.   These 

tests were carried out using both a non-parametric Kolmogorov-Smirnov test and a Welch t-test 

with the correction for non-homogeneity of variances as implemented in R (version 2.15.1, 
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[52]). Testing the hypothesis in this way avoids assuming these data were normally distributed or 

had equal variances.  We also used R (version 2.15.1, [52]) to perform chi-square tests with one 

degree of freedom to compare the frequencies of multiple and single coding exon genes in the 

NH gene set versus each of the lineage-specific groups. 

 

Previously Known in OGSv1.0 or New Genes in OGSv3.2 

 We determined the OGSv3.2 gene sub-set (Previously Known, Type I New or Type II 

New genes as described in Research Chapter One) of each lineage-specific gene based on its 

gene identifier.   

 

Identification of gene duplicates 

We used BLASTP to align the lineage-specific proteins to the full OGSv3.2 set.  A. 

mellifera genes that matched A. mellifera-specific genes with E ≤ 0.001 were considered gene 

duplicates or paralogs.  If the paralogous gene was not A. mellifera-specific, we deemed the 

original A. mellifera-specific gene as originating via duplication of a non-orphan gene and 

subsequent divergence beyond the point where homology to proteins in other species was 

detectable using BLAST. 

 

Overlap with transposable elements 

 We considered transposable elements [3] and coding sequence of lineage-specific genes 

overlapping if their coordinates overlapped by a single base pair.   

 

Expression and tissue specificity 
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 We compared the genomic coordinates of the A. mellifera transcript alignments from 

each transcript data set (see above) to the coordinates of the OGSv3.2 coding sequence.  The 

coding direction of a transcript alignment is determined based on the canonical DNA splice site 

sequence signals of a GT dinucleotide at the 5' of the intron sequence and an AG dinucleotide at 

the 3' of the intron.  Therefore we are unable to determine coding direction of un-spliced 

transcripts.  For spliced transcript alignments, if the coding direction of the transcript alignment 

was opposite that of the gene then it was discarded from further analysis.  For transcript 

alignments with coding direction that agreed with that of the gene or transcripts that were un-

spliced, in which case directionality could not be determined, a coordinate overlap of at least one 

coding base pair was required for a gene to count as overlapping with a transcript alignment. 

We used R (version 2.15.1, [52]) to perform chi-square tests with one degree of freedom 

to compare the frequencies of transcript overlap in the NH gene set and in each of the groups of 

lineage-specific genes.  Of genes that overlapped spliced transcript alignments, we identified 

genes that were narrowly expressed and genes that were broadly expressed on the basis of 

overlap to the four single-tissue libraries (Illumina libraries of forager and nurse bee brain and 

454 libraries of mixed antennae, ovary and testes).  We deemed genes narrowly expressed if they 

overlapped at least one spliced transcript alignment in only one of the four tissues and broadly 

expressed if they overlapped at least one spliced transcript alignment from all four tissues. We 

used R (version 2.15.1, [52]) to perform chi-square tests with one degree of freedom to compare 

the frequencies of narrowly expressed genes and broadly expressed genes in the NH gene set and 

each of the four groups of lineage-specific genes. 

 

Manual and functional annotation 



	   75	  

 After assigning groups and ranks to the 4,277 OGSv3.2 lineage-specific genes, we 

aligned them to the SwissProt database (downloaded February 27, 2013, [43]) using WU-

BLAST [65] with an E-value criterion of 1 x 10-06.  Gene names from best hits to A. mellifera 

proteins were retained.  Gene names were also assigned based on the description assigned to an 

overlapping NCBI RefSeq gene model and TBLASTN searches against NCBI’s NR database.  

We viewed genes in a GBrowse [67] genome browser available through the Hymenoptera 

Genome Database [68] along with all supporting evidence to see how well the gene models 

agreed with the evidence.   

 

RESULTS 

Lineage-specific group assignment of OGSv3.2 genes 

Gene sets were not available for all species at the time of this analysis, so lineage-specific 

genes were identified based on alignment of OGSv3.2 proteins to 17 genomes and to NCBI’s 

non-redundant protein (NR) database.  Because we did not rely on genes being annotated in other 

genomes, our analyses were not biased in gene sets where genes were mainly detected through 

homology to known proteins or in incomplete gene sets.  At minimum, 51.8% of the OGSv3.2 

genes aligned to the human genome and at maximum 92.6% of OGSv3.2 genes aligned to the A. 

dorsata genome (Figure 2).   A total of 4,277 (27.9%) OGSv3.2 genes were assigned to one of 

four lineage-specific groups (A. mellifera- (AM), Apis- (APS), Apidae- (APD), or Hymenoptera- 

(H) specific) (Table 13).  The remaining genes were conserved in genomes outside the 

hymenopteran order and therefore were considered Non-Hymenoptera-specific (NH).  
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Figure 2: TBLASTN alignments of OGSv3.2 genes to 17 genomes. The percentage of the 15,314 A. mellifera 
OGSv3.2 proteins that aligned to each of the genomes is graphed and the number of genes that aligned is labeled at 
the bottom of each bar.  The 17 genomes include a vertebrate out-group, Homo sapiens (GRCh37.p10) in addition to 
insect representatives from the orders Hemiptera, Acyrthosiphon pisum (Acyr_2.0); Coleoptera, Tribolium 
castaneum (Tcas_3.0); Diptera, Drosophila melanogaster (Dmel_r5.41); Lepidoptera, Bombyx mori (Bmori_2.0); 
and Hymenoptera.  The hymenopterans include Nasonia vitripennis (Nvit_2.0); seven members of the Formicidae 
family (ants): Harpegnathos saltator (Hsal_3.3), Linepithema humile (Lhum_1.0), Camponotus floridanus 
(Cflo_3.3), Pogonomyrmex barbatus (Pbar_1.0), Solenopsis invicta (Sinv_1.0), Atta cephalotes (Acep_1.0), and 
Acromyrmex echinatior (Aech_2.0); and four members of the Apidae family including two Bombus species: B. 
impatiens (Bimp_2.0) and B. terrestris (Bter_1.0), and two Apis species: A. florea (Aflo_1.0), A. dorsata 
(Ador_1.0). 
 

InterPro protein domain and TargetP sub-cellular location analyses 

We annotated a total of 9,479 (61.9%) of OGSv3.2 proteins with at least one InterPro 

domain.  In addition, a total of 2,592 proteins (16.9%) from the OGSv3.2 gene set had a 

secretory pathway signal peptide and 1,574 proteins (10.3%) had a mitochondrial targeting 

peptide based on a TargetP analysis. 

 

Rank and sub-rank assignment within groups 
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 Using overlap of transcript alignments in four bees, we sub-divided the four Groups into 

up to four Ranks.  Sub-rankings were based on the presence or absence of an IPR domain and/or 

a signal peptide (Tables 12 and 13).  Rank 1a genes represent the highest confidence sets for 

each group, with the lowest number of false positives because they contain recognized protein 

domains and have expression evidence.  However, because expression evidence is not available 

for all genes, especially temporally or spatially restricted genes, and not all proteins have an IPR 

domain or signal peptide, many real genes may be excluded from the Rank 1a sets. 

 

Rank 
Group 

AM APS APD H 
1a 106 21 114 227 
1b 376 50 255 454 
2a 44 0 14 27 
2b 142 0 42 60 
3a NA 195 114 134 
3b NA 658 277 226 
4a NA 81 61 45 
4b NA 306 162 86 

Total 668 1311 1039 1259 
Table 13: Groups and rankings of 4,277 OGSv3.2 genes.  The AM group includes A. mellifera specific genes, 
APS includes Apis specific genes, APD includes Apidae specific genes, and H includes Hymenoptera specific genes.  
Rank and Sub-rank system is explained in Table 12. 
 

Coding Exon Number and Length 

 The mean number of coding exons in the NH group was significantly larger than the 

mean number in each of the lineage-specific groups (Figure 3; P < 2.2 x 10-16 for all four Welch 

t-tests, P < 2.2 x 10-16 for all four Kolmogorov-Smirnov tests).  The mean coding sequence 

length of the NH group was significantly longer than the mean length in each of the lineage 

specific groups (Figure 4; P < 2.2 x 10-16 for all four Welch t-tests, P < 2.2 x 10-16 for all four 

Kolmogorov-Smirnov tests).  In addition, each of the lineage-specific groups was significantly 
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enriched in single coding exon genes compared to the NH group (Figure 5; P < 2.2 x 10-16 for all 

four tests).   

 
Figure 3: Mean number of coding exons in the Non-Hymenoptera-specific and each of the lineage-specific 
gene groups.  The AM group includes A. mellifera specific genes, APS includes Apis specific genes, APD includes 
Apidae specific genes, H includes Hymenoptera specific genes, and NH includes Non-Hymenoptera-specific genes.   
 

 

1.9	   1.9	   2	   2.8	   6.5	  
0	  

1	  

2	  

3	  

4	  

5	  

6	  

7	  

AM	   APS	   APD	   H	   NH	  



	   79	  

  

 
 

 
Figure 5: Percentage of single to multiple coding exon genes in the Non-Hymenoptera-specific and each of the 
lineage-specific gene groups.  Dark portions of the bar represent the single coding exon genes and light portions of 
the bar represent the multiple coding exon genes.  The AM group includes A. mellifera specific genes, APS includes 
Apis specific genes, APD includes Apidae specific genes, H includes Hymenoptera specific genes, and NH includes 
Non-Hymenoptera-specific genes.   
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Figure 4: Mean coding sequence length (bp) of genes in the Non-Hymenoptera-specific and each of the 
lineage-specific gene groups.  The AM group includes A. mellifera specific genes, APS includes Apis specific 
genes, APD includes Apidae specific genes, H includes Hymenoptera specific genes, and NH includes Non-
Hymenoptera-specific genes.   
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Previously Known in OGSv1.0 or New Genes in OGSv3.2 

  The majority (3,233 genes or 75.6%) of the lineage-specific genes are Type II New 

genes, which are genes not predicted in the OGSv1.0 gene set despite their sequence being 

present in the Amel_2.0 genome assembly on which OGSv1.0 was annotated (Table 14).  The 

lineage-specific genes account for 81.8% of the total number of Type II New genes, but only 

7.3% of the Previously Known genes.   

 

 OGSv3.2 Group AM Group APS Group APD Group H Group NH 
Previously 

Known 
10579 

(69.1%) 
38 

(5.7%) 
63 

(4.8%) 
100 

(9.6%) 
574 

(45.6%) 
9804 

(88.8%) 

Type I New 
782 

(5.1%) 
135 

(20.2%) 
67 

(5.1%) 
40 

(3.8%) 
27 

(2.1%) 
513 

(4.6%) 

Type II New 
3953 

(25.8%) 
495 

(74.1%) 
1181 

(90.1%) 
899 

(86.5%) 
658 

(52.3%) 
720 

(6.5%) 
Total 15314 668 1311 1039 1259 11037 

Table 14: Number of genes Previously Known in OGSv1.0 or New in OGSv3.2.  OGSv1.0 was annotated on 
assembly Amel_2.0.  Those OGSv3.2 genes that mapped to Amel_2.0 and overlapped an OGSv1.0 gene were 
deemed Previously Known genes.  Those genes that mapped to Amel_2.0, but did not overlap an OGSv1.0 gene 
were deemed Type II New genes. Those genes that did not map to Amel_2.0 were deemed Type I New genes. The 
AM group includes A. mellifera specific genes, APS includes Apis specific genes, APD includes Apidae specific 
genes, H includes Hymenoptera specific genes, and NH includes Non-Hymenoptera-specific genes.   
 

Expression and tissue specificity 

 Genes in all four lineage-specific groups were significantly less likely than genes in the 

Non-Hymenoptera-specific group to overlap an A. mellifera transcript alignment (P < 2.2 x 10-16 

for all four tests; Tables 15 and 16).  For genes expressed in at least one of four possible tissues, 

the genes in each of the lineage-specific groups were also less likely than genes in the NH group 

to be broadly expressed (overlapping at least one spiced transcript in all four tissues) (P < 2.2 x 

10-16 for all four tests; Table 16 and Figure 6).  On the other hand, genes in each of the lineage-

specific groups were significantly more likely than genes in the NH group to be expressed 
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narrowly (overlapping at least one spliced transcript alignment in only one of four tissues) (P < 

2.2 x 10-16 for all four tests; Table 16 and Figure 6).  

 

Transcripts OGSv3.2 All Groups Group AM Group APS Group APD Group H 

Spliced Amel 12172 79.5% 2490 58.2% 403 60.3% 727 55.5% 543 52.3% 817 64.9% 

Un-spliced 
Amel 11019 72.0% 2495 58.3% 342 51.2% 686 52.3% 619 59.6% 848 67.4% 

Combined 
Amel 13517 88.3% 3207 75.0% 482 72.2% 924 70.5% 760 73.1% 1041 82.7% 

Spliced Aflo 5848 38.2% 185 4.3% 0 0.0% 22 1.7% 30 2.9% 133 10.6% 
Un-spliced 

Aflo 1070 7.0% 176 4.1% 0 0.0% 49 3.7% 57 5.5% 70 5.6% 

Combined 
Aflo 6918 45.2% 361 8.4% 0 0.0% 71 5.4% 87 8.4% 203 16.1% 

Spliced Bimp 6677 43.6% 190 4.4% 0 0.0% 0 0.0% 37 3.6% 153 12.2% 
Un-spliced 

Bimp 690 4.5% 111 2.6% 0 0.0% 0 0.0% 39 3.8% 72 5.7% 

Combined 
Bimp 7367 48.1% 301 7.0% 0 0.0% 0 0.0% 76 7.3% 225 17.9% 

Spliced Bter 10125 66.1% 808 18.9% 0 0.0% 0 0.0% 245 23.6% 563 44.7% 

Un-spliced 
Bter 591 3.9% 299 7.0% 0 0.0% 0 0.0% 151 14.5% 148 11.8% 

Combined 
Bter 10716 70.0% 1107 25.9% 0 0.0% 0 0.0% 396 38.1% 711 56.5% 

Table 15: Transcript overlap of OGSv3.2 and the lineage-specific gene groups.  The rows for the A. mellifera 
(Amel) spliced, un-spliced, and combined (spliced plus un-spliced) transcripts provide the number and percentage of 
OGSv3.2 genes from each category that overlap A. mellifera expression evidence on the Amel_4.5 assembly.  The 
rows for the A. florea (Aflo), B. impatiens (Bimp), and B. terrestris (Bter) spliced, un-spliced, and combined 
transcripts provide the number and percentage of the OGSv3.2 gene alignments to the other species’ genome that 
overlap with transcript alignments from that species, for each category.  The percentages in each column are relative 
to the total number of genes represented by each column: 15,314 OGSv3.2 genes, 4,277 lineage-specific genes, 668 
Apis mellifera-specific genes (AM), 1,311 Apis-specific genes (APS), 1,039 Apidae-specific genes (APD), and 
1,259 Hymenoptera-specific genes (Group H). 
 

 Group AM Group APS Group APD Group H Group NH 
Transcript alignment overlap 482 924 760 1041 10310 

No transcript alignment overlap 186 387 279 218 727 
Broadly Expressed 15 33 26 73 2179 

Not Broadly Expressed 362 650 475 675 7194 
Narrowly Expressed 221 377 290 372 2086 

Not Narrowly Expressed 156 306 211 376 7287 
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Table 16: Gene numbers used in Chi-square tests for overall expression and tissue specificity analyses.  The 
AM group includes A. mellifera specific genes, APS includes Apis specific genes, APD includes Apidae specific 
genes, H includes Hymenoptera specific genes, and NH includes Non-Hymenoptera-specific genes. 
 

 
Figure 6: Number of tissues in which each OGSv3.2 gene and each gene in the lineage-specific gene sets was 
expressed.  Tissues included brain, mixed antennae, ovary and testes.  Genes that overlapped 0 tissues may have 
overlapped a transcript in a non-tissue-specific transcript library, may have had other evidence for gene prediction or 
may have been predicted ab initio. The AM group includes A. mellifera specific genes, APS includes Apis specific 
genes, APD includes Apidae specific genes, H includes Hymenoptera specific genes, and NH includes Non-
Hymenoptera-specific genes. 
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One mechanism of orphan gene birth is gene duplication followed by sufficient 

divergence such that homology is no longer detectable.  We found that 88 Group AM genes 

(13.2%) had paralogs in the gene set that were not A. mellifera-specific (in other words, the 

paralog was not a Group AM gene).  Technically, these 88 genes should not be considered 

orphan genes because homology to genes outside A. mellifera can be established through their 

in-paralog.  However, the emergence of at least 88 of the genes found in the A. mellifera-specific 

gene set through gene duplication events appears clear. 

 Transposable element (TE) action is another mechanism through which genes are born, 

although sometimes TEs are incorrectly predicted as genes.  We found TEs overlapped 803 

(5.2%) of the OGSv3.2 genes, of which 68 (0.4%) were single coding exon genes.  TEs 

overlapped 616 (5.6%) of the NH genes, of which 33 (0.3%) were single coding exon genes.  Of 

the 4,277 lineage-specific genes, TEs overlapped 187 (4.4%); including 31 AM genes, 78 APS 

genes, 34 APDH genes, and 44 Group 4 genes.  Single coding exon genes accounted for 35 

(0.8%) of the lineage-specific genes that overlapped TEs.   

 

Gene Annotations  

We manually assessed the 21 APS, Rank 1a genes.  Of these, ten genes (47.6%) lacked 

sufficient supporting evidence for the model to be manually annotated.  Four gene models 

(19.0%) appeared to be exons that belonged to other gene models (split genes). The remaining 

seven genes (33.3%) had sufficient supporting evidence to indicate they were real genes.   

Of the seven genes that appeared to be real genes, three were assigned names based on 

overlap with RefSeq gene models, the remaining genes were either hypothetical proteins or 

uncharacterized genes (Table 17).   
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OGSv3.2 ID RefSeq ID Name Function 

GB44630 NA NA NA 

GB47367 XM_003252004.1 Hypothetical protein NA 

GB48922 NA NA NA 

GB51306 XM_003249457.1 Apidaecins type 73 Antimicrobial 

GB51435 NA NA NA 

GB53114 NM_001085344.1 Apidermin 3 Cuticular protein 

GB53576 NM_001011582.1 Apisimin precursor Protein in royal jelly 
Table 17: Apis-specific, Rank 1a annotated genes. 
 

 Additionally, we annotated 12 genes based on significant alignments to A. mellifera 

proteins in SwissProt.  Of these, we found two were split gene models (GB55209 and GB55301) 

and one did not have sufficient evidence for reliable annotation (GB51128).  The remaining nine 

genes are listed in Table 18. 

 

OGSv3.2 ID Group Rank UniProt 
ID Name Function 

GB40695* APS 3a P01499 Mast cell 
degranulating peptide Venom Neurotoxin 

GB40696 APS 3a P01499 Mast cell 
degranulating peptide Venom Neurotoxin 

GB40697 APS 3a P01500 Apamin Venom Neurotoxin 
GB40758 H 1a Q5EF78 Icarapin Venom Neurotoxin 

GB44988 H 1a P85799 Prohormone-2 Neuropeptide 
precursor 

GB46236 AM 1a P35581 Apidaecins type 22 Antimicrobial 
GB47318 H 1a P15450 Abaecin Antimicrobial 
GB47546 APS 3a Q06602 Apidaecins type 73 Antimicrobial 
GB51306 APS 1a Q06602 Apidaecins type 73 Antimicrobial 

Table 18: Genes with functional annotations from SwissProt.  *GB40695 was recently annotated as Tertiapin, 
another peptide in bee venom, in [3]. 
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DISCUSSION 

 The large number of A. mellifera OGSv3.2 genes that did not map to either the A. florea 

or B. terrestris genomes (see Research Chapter 1) motivated our investigation of lineage-specific 

genes.  The goal of this analysis was to determine how many of the A. mellifera OGSv3.2 genes 

could be classified as lineage-specific based on available genome, transcript and protein 

alignment data.  We aligned genes to five non-Hymenoptera genomes and to the full NCBI non-

redundant protein (NR) database in order to filter out core genes conserved outside the order 

Hymenoptera.  The remaining Hymenoptera genome alignments and matches to proteins in the 

NR database from species within Hymenoptera were used to segregate species-, genus-, family- 

and order-specific gene sets.  Specifically, the taxonomic groups investigated were the A. 

mellifera species, Apis genus, Apidae family, and Hymenoptera order.  We further ranked genes 

within these groups depending on available transcript data and protein domain signatures in 

order to identify the genes with the highest likelihood of being functional. 

 We found 81.8% of the Type II New genes in OGSv3.2 were lineage-specific versus 

7.3% of the Previously Known genes (Table 14).  This confirms that OGSv1.0 was deficient in 

lineage-specific genes, likely due to lack of homologs from hymenopterans species in gene 

prediction for OGSv1.0 as suggested by [35, 36].  This is not surprising given that the closest 

species sequenced for homology-based gene prediction at the time of OGSv1.0 generation was 

the evolutionary distant Drosophila melanogaster [2].   

 The large number of A. mellifera-specific genes, despite the presence of two sister Apis 

species in the lineage we evaluated, is consistent with Wissler et al.’s finding that sister ant 

species (also Hymenoptera), which split only a few million years ago, contain more than 500 
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species-specific genes [35].  They suggest this is due to a highly accelerated rate of orphan gene 

emergence following speciation events [35].  

 

Mechanism of orphan gene emergence 

 We found that only 13.2% of A. mellifera-specific orphan genes were likely to have 

emerged through gene duplication and divergence events.  This fraction of A. mellifera-specific 

genes is on par with the 9.9% of ant species-specific genes attributed to gene duplication events 

[35].  It is also in agreement with a low fraction of A. mellifera-specific genes found to have 

evolved through gene duplication events in a previous, smaller honey bee gene set [36].  A good 

example of genes that may have arisen through duplication and divergence are the three 

tandemly arrayed, Apis-specific venom genes Tertiapin, Mast cell degranulating peptide and 

Apamin (GB40695, GB40696, and GB40697 respectively).  If genes experienced rapid sequence 

divergence subsequent to duplication, they may no longer be detectable as paralogs within the A. 

mellifera gene set.  Therefore, the estimate provided here for genes that have arisen through gene 

duplication is conservative.  Similarly, genes undergoing rapid sequence divergence in the 

absence of duplication may also no longer have detectable homologies.  The remaining lineage-

specific genes may have emerged through an alternate mechanism such as transposable element 

or recombination based exon shuffling, retroposition events, lateral gene transfer, or de novo 

evolution from non-coding sequence [30, 31].   

 The honey bee genome contains relatively few transposons and retrotransposons [2, 3].  

Accordingly, orphan gene emergence through transposable elements appears to act as only a 

minor mechanism of gene birth (<5%) in honey bee.  Ants appear to have more genes (12.4%) 

potentially formed through transposable element action [35], but the role of transposable 



	   87	  

elements in all of these insects are in sharp contrast to primates, where more than half of the 

orphan genes are hypothesized to have arisen through exaptation from transposable elements 

[37]. 

 Because the honey bee genome has a high recombination rate [2] it may favor novel gene 

emergence through exon shuffling.  Additional analysis of recombination hotspots relative to 

novel gene loci and the relatedness of the genes would be necessary to further investigate this 

possibility. 

While de novo gene emergence is not yet a well-understood mechanism, there is 

increasing evidence that it may be more prevalent than duplication as a mechanism of gene birth 

[33].  An evolutionary model for the de novo evolution of protein-coding genes through proto-

genes has been proposed [33, 34].  Proto-genes are likely short sequences generated by 

transcriptional activity in non-repetitive, non-coding sequence [34].  Ribosomes have been 

shown to bind to such transcripts that escape exonucleolytic degradation, suggesting, but not 

proving, that they are translated [94].  Over time the proto-genes that are translated may then 

become more complex by increasing in length and acquiring introns through mechanisms that 

might include duplication, transposon activity, rearrangement and point mutations [34] while 

others may lose translational activity [33].  Based on this model Carvunis et al. (2012) proposed 

three expectations [33].  First, there should be an evolutionary continuum from non-genic open 

reading frames (ORFs) to genes for sequence characteristics that include length and expression 

level.  Second, numerous non-genic ORFs should be translated throughout the genome.  Third, 

some recently emerging ORFs should have adaptive functions upon which natural selection 

might act [33].  Carvunis et al. (2012) tested these predictions on over 100,000 ORFs in 

Saccharomyces cerevisiae and verified that the conservation level of ORFs through the 
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Ascomycota phylogeny has a positive correlation with length and expression level.  In addition, 

some ORFs were found to be under purifying selection suggesting they may have adaptive 

functions [33].   The polymorphisms between eight S. cerevisiae strains were considered and the 

number of ORFs under purifying selection also increased with conservation level, which 

supports their model of an evolutionary continuum for the de novo emergence of genes from 

non-coding sequence [33]. 

Within each clade of the hymenopteran lineages we tested, we found the lineage-specific 

genes were shorter than the average gene in OGSv3.2, with fewer coding exons, and were more 

likely to have only a single coding exon.  The length and number of exons increased from the 

smallest numbers in species-specific genes to the largest in order-specific genes.  In addition, the 

transcript coverage increased from species- to order-specific genes.  Together these findings are 

consistent with Carvunis et al.’s (2012) first expectation for de novo gene emergence; the honey 

bee lineage-specific genes show a clear evolutionary continuum for length, exon number, and 

expression level sequence characteristics.  These features of lineage-specific genes have been 

found in other studies of honey bees, ants, humans and plants [35-38, 95, 96].  For example, 

Toll-Riera et al. (2009) investigated the characteristics and mechanisms of gene formation of 

human genes by dividing the human gene set into primate-specific, mammalian-specific, 

vertebrate-specific, and eukaryotic gene groups [37].  They found a relationship between the age 

of the gene group and the median length of the genes between groups, with the younger genes 

being shorter than the older genes [37], similar to our findings.  They also found that primate-

specific genes had the fastest evolutionary rate compared to the other gene groups and were 

expressed as a group in fewer tissues than the full gene set [37].  Johnson and Tsutsui (2011) 

previously found that A. mellifera-specific genes have less transcript support than highly 
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conserved genes [36].  These previous findings are in agreement with our results that lineage-

specific genes in all four groups had significantly lower levels of expression in A. mellifera than 

OGSv3.2 as a whole (Table 15 and 16).  In addition, when expressed, lineage-specific genes 

were less likely to be expressed broadly across different tissues than the genes in OGSv3.2 

overall, instead they were more likely to have narrow, spatial expression profiles (Table 16 and 

Figure 6).  Overall, this simple, single coding exon gene structure of a large fraction of the 

lineage-specific genes is consistent with novel genes and potential de novo gene formation [35, 

97, 98].  Additional analyses will be required to determine whether the lineage-specific genes in 

honey bee fit the remaining two expectations of Carvunis et al. (2012). 

 

Lineage-specific adaptations 

Prior to the sequencing of the A. dorsata and A. florea genomes, Apisimin was implicated 

as an orphan gene [36].  Our analyses with additional species now suggest that Apisimin is an 

Apis-specific gene.  Apisimin is a protein in royal jelly [99], the substance fed to larvae destined 

to become queen bees.  It is known that feeding of royal jelly causes epigenetic reprogramming 

that results in the queen phenotype being distinct from the worker phenotype.  Because Apisimin 

is a royal jelly protein and specific to the Apis, it may have an epigenetic role in distinguishing 

the highly eusocial honey bees from the primitively eusocial bumble bees. 

 We found four genes for antimicrobial compounds in the set of lineage-specific genes we 

annotated.  The gene for Apidaecins type 22 was A. mellifera-specific, two genes for Apidaecins 

type 73 were Apis-specific, and the gene for Abaecin was Hymenoptera-specific.  Honey bees 

are exposed to plant-associated bacteria while gathering pollen and nectar [100].  Because honey 

bees live in a highly crowded, thermo-regulated hive environment and are closely related to their 
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nest mates, pathogens can easily grow and spread between individuals [101].  Honey bees 

mitigate their risk by possessing both colony and individual traits and behaviors that reduce the 

impact of disease [102].  It has been shown that individual immune-response not only has the 

potential to reduce an individual bee’s mortality, but also confers protection against the spread of 

disease to the colony [102].  Specifically, the production of Abaecin, as part of the innate 

immune response in honey bees, is negatively correlated with colony-level disease 

symptomology [102].  Additionally, there is evidence that the strength of cuticular antimicrobials 

increase with the transition from solitary to social living in a range of bee species, and further 

increase as the group size and within-colony relatedness of the species increases [103].  This 

increase in antimicrobial potency was not assessed to determine whether it was due to additional 

antimicrobial compounds present on the cuticle or whether the strength of a specific number of 

compounds was different.  Our finding of Apis and A. mellifera-specific genes for Apidaecins 

suggests that the highly eusocial honey bees may have additional specific antimicrobial 

compounds to act as a strong defense against potential pathogens.  The importance of genes for 

Apidaecins to the honey bee immune response is emphasized by the fact that they are induced 

immediately upon infection and are active against a wide range of plant-associated bacteria, 

whereas Abaecin has a delayed response [100, 104]. 

 We also found the gene for precursor Prohormone-2 was Hymenoptera-specific.  It 

encodes at least four neuropeptides [105].  The transcript of this gene has a higher expression 

level in foragers and is one of the 50 cDNAs whose expression level in honey bee brains is most 

predictive for determining nurse versus forager behavior [105, 106].  Further research into 

Prohormone-2 is needed to determine how important a role it plays in caste differentiation and 

behavioral plasticity for other hymenopterans. 
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Finally, we found four venom genes and a cuticular gene in our Apis-specific gene set 

indicating a potential role of lineage-specific genes in defense and the bee’s protective structure.   

Altogether the genes annotated in this study have roles in brood care, immunity, caste-

specific behavior, and defense.  All of these factors are important to hive health and efficient 

functioning, and thus potentially critical to the emergence and evolution of eusociality. 

 

Potential for miss-annotations and lack of functional annotations 

Four of seven Apis-specific genes were either uncharacterized or had homology to 

hypothetical Apis genes in NCBI’s non-redundant database.  Alignment with known genes and 

experimental analysis are needed to reliably infer functions. 

 

Missing genes due to gene prediction errors or assembly errors  

Gene prediction errors in other species have been found to be responsible for some gene 

models being incorrectly assigned to a lineage-specific group [96, 107].  We avoided the 

potential problem associated with gene prediction errors in other Hymenoptera because we 

searched their genomes, rather than their protein sets. However, it is not possible to avoid 

potential error due to incomplete genome assemblies. We suspect a portion of the lineage-

specific genes we detected may represent false positives due to incorrect A. mellifera gene 

models.  Of the 21 Apis-specific genes that were manually inspected, 47.6% were not supported 

or could not be annotated based on the available evidence and another 19% represented split 

genes.  The investigation and direct manual annotation of these genes by the community would 

not only represent a targeted approach to improving the A. mellifera gene set, but it would also 

provide better gene models for homology based annotation of other genomes in the future.  
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Additional deep transcriptome sequencing from multiple tissues and developmental stages would 

aid in this effort. 

 

CONCLUSION 

The genomic basis of eusocial evolution remains to be fully understood despite the 

availability of genomic and transcriptome sequence data from numerous hymenopterans across 

the sociality gradient from solitary Nasonia to highly eusocial honey bees.  Although we were 

only able to predict the likely mechanism of gene emergence through duplication or transposable 

element action for <20% of the Apis mellifera lineage-specific genes, the lineage-specific genes 

annotated in this study have intriguing potential functions and implications for the evolution of 

highly eusocial honey bees.  The continued discovery, annotation, and analysis of lineage-

specific genes within Hymenoptera will not only contribute to an improved understanding of 

gene function and the evolution of shared phenotypic traits within the lineage, but it will also 

help guide us to incorrectly annotated genes, thereby helping us to improve the gene set overall. 

 This analysis underscores the importance of sequencing genomes across a wide range of 

taxa.  We are most likely to identify and correctly classify lineage-specific genes when 

supporting evidence from numerous species is available at varied evolutionary distances.   
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