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Abstract

Background: Metatranscriptomic sequencing is a highly sensitive bioassay of functional activity in a microbial
community, providing complementary information to the metagenomic sequencing of the community. The
acquisition of the metatranscriptomic sequences will enable us to refine the annotations of the metagenomes, and
to study the gene activities and their regulation in complex microbial communities and their dynamics.

Results: In this paper, we present TransGeneScan, a software tool for finding genes in assembled transcripts from
metatranscriptomic sequences. By incorporating several features of metatranscriptomic sequencing, including strand-
specificity, short intergenic regions, and putative antisense transcripts into a Hidden Markov Model, TranGeneScan can
predict a sense transcript containing one or multiple genes (in an operon) or an antisense transcript.

Conclusion: We tested TransGeneScan on a mock metatranscriptomic data set containing three known bacterial
genomes. The results showed that TranGeneScan performs better than metagenomic gene finders (MetaGeneMark
and FragGeneScan) on predicting protein coding genes in assembled transcripts, and achieves comparable or even
higher accuracy than gene finders for microbial genomes (Glimmer and GeneMark). These results imply, with the
assistance of metatranscriptomic sequencing, we can obtain a broad and precise picture about the genes (and
their functions) in a microbial community.

Availability: TransGeneScan is available as open-source software on SourceForge at https://sourceforge.net/
projects/transgenescan/.

Background
Fueled by rapid advances of sequencing techniques [1],
culture-independent community-wide methods (known as
the metagenomics approach) have been commonly used to
study the microbial community in different environments,
such as in soil [2], ocean [3], freshwater [4] and human-
associated communities [5-7]. Large scale surveys of
human microbiomes through the Human Microbiome
Project (HMP) [6,7] and the MetaHit Project [5] have pro-
vided great resources for studying the diversity and com-
plexity of human microbiomes and their potential impacts
on human health and diseases. Comparison of human gut
microbiomes of individuals with type II diabetes (T2D)
against those of normal controls have revealed important
taxonomic and functional differences of the microbial
communities that might be correlated with T2D [8-10].

While metagenomic sequencing revealed important func-
tional properties encoded in microbial communities, charac-
terization of these properties requires direct analysis of the
active component of the metagenome, through meta-omic
techniques such as metatranscriptomics or metaproteomics.
Bacteria have low inventories of short-lived mRNAs so that
fluctuations in their mRNAs pools provide a highly sensitive
bioassay for environmental signals (e.g., the concentrations
of dissolved organic carbon [11] and pollutant concentra-
tions [12]) that are relevant to microbes [13], and the collec-
tive interaction among microbial organisms in response to
the changes of their environment ( e.g., the health condition
of the host of human microbiome [14]).
In a common metatranscriptomic study (using the

RNA-seq protocol), total RNA is first isolated from the
sample and structural RNAs are then removed to enrich
for mRNA, which is then reverse transcribed into cDNA
subject to DNA sequencing using next generation
sequencing (NGS) platforms like Illumina sequencers

* Correspondence: hatang@indiana.edu
School of Informatics and Computing, Indiana University, 150 S. Woodlawn
Avenue, IN 47401 Bloomington, USA

Ismail et al. BMC Bioinformatics 2014, 15(Suppl 9):S8
http://www.biomedcentral.com/1471-2105/15/S9/S8

© 2014 Ismail et al.; licensee BioMed Central Ltd. This is an Open Access article distributed under the terms of the Creative Commons
Attribution License (http://creativecommons.org/licenses/by/4.0), which permits unrestricted use, distribution, and reproduction in
any medium, provided the original work is properly cited. The Creative Commons Public Domain Dedication waiver (http://
creativecommons.org/publicdomain/zero/1.0/) applies to the data made available in this article, unless otherwise stated.

https://sourceforge.net/projects/transgenescan/.
https://sourceforge.net/projects/transgenescan/.
mailto:hatang@indiana.edu
http://creativecommons.org/licenses/by/4.0
http://creativecommons.org/publicdomain/zero/1.0/
http://creativecommons.org/publicdomain/zero/1.0/


[15]. Metatranscriptomic data indicate which of the genes
encoded in a metagenome are actually transcribed, and
which of the potential metabolic pathways are active (and
the level of their activities) on the basis of their transcrip-
tions within a microbial community under certain envir-
onmental condition. HMP II, the second phase of the
Human Microbiome Project (HMP) plans to generate
coherent meta-omic (metagenomic, metatranscriptomic
and metaproteomic) datasets acquired from the same
cohorts of healthy human subjects and patients with cer-
tain diseases (including diabetes, Crohn’s disease and
ulcerative colitis).
In addition to elucidating functional characteristics of

microbial communities, metatranscriptomic data pro-
vides valuable information for accurate annotations of
genes and studies of their regulation in the community
that are complementary to metagenomic sequencing.
Metatranscriptomic sequences can be assembled into
transcripts, each encoding one or more genes that are
transcribed together (in the same direction). In the latter
case (known as operons), the intergenic regions between
coding genes are relatively short. In comparison, metage-
nomic sequences are assembled into contigs of genomic
segments, many of which may contain long non-coding
intergenic regions. In addition, current metatranscrip-
tomic studies adopt the stranded RNA-seq protocol [15];
as a result, the genes should be encoded on the positive
strand of the assembled transcripts in metatranscrip-
tomic sequences, while in metagenomic sequences, genes
can be encoded in either strand. These features of meta-
transcriptomic data can significantly improve the gene
prediction accuracy in metatranscriptomic sequences,
and thus should be incorporated into gene predictors
specifically designed for metatranscriptomic data.
Furthermore, because of the strand-specificity in meta-
transcriptomic data, antisense RNAs (asRNAs), which are
encoded on the DNA strand opposite to a protein coding
(sense) gene, and play various, important regulatory roles
by forming extensive base-pairing interactions with the
corresponding sense RNA [16], can be revealed in meta-
transcriptomic sequences. Antisense RNAs range in size
from tens to thousands of nucleotides, complementing
with part of a gene, a complete gene or a group of genes
[17,18]. Although asRNAs were first observed in bacteria
more than 30 years ago [19], most studies of asRNAs in
bacteria are rather recent, and have been applied mainly
to single bacterial species, including Chlamydia tracho-
matis [20] and Escherichia coli [21]. Metatranscriptomics
research is creating an unprecedented opportunity to
gain knowledge about the gene regulation for the vast
majority of uncultured microbial species.
In this paper, we present a gene finding software tool

(TransGeneScan) specifically designed for metatranscrip-
tomic sequences that addresses all features described above.

TransGeneScan incorporates strand-specific hidden states,
representing coding sequences in sense and antisense
strands in a Hidden Markov Model (HMM), which is differ-
ent from the HMM that we used in FragGeneScan [22]. As
a result, TransGeneScan can predict a sense transcript con-
taining one or multiple genes (in an operon) or an antisense
transcript. We note that TransGeneScan inherits the advan-
tage of FragGeneScan in that the parameters of the HMM
can be computed based on the GC% of the input sequences
and therefore no trainings on specific data sets are needed, a
desirable feature for gene finding in metagenomic/metatran-
scriptomic sequences. We tested TransGeneScan on a mock
metatranscriptomic data set containing 3 bacterial genomes,
and compared its performance with metagenomic gene fin-
ders MetaGeneMark [23] and FragGeneScan [22], as well as
Glimmer [24] and GeneMark [25], gene finders trained for
each specific bacterial genome (assuming their presences in
the metatranscriptome are known). The results showed that
TranGeneScan performs much more accurately than meta-
genomic gene finders on metatranscriptomic sequences, and
achieves comparable or even higher accuracy than gene fin-
ders for microbial genomes. These results imply, with the
assistance of metatranscriptomic sequencing, we can obtain
a broad and precise picture about the genes (and their func-
tions) in a microbial community.

Methods
TransGeneScan takes as input a set of transcript
sequences, and reports the annotation of these
sequences, either sense RNA (including mRNAs that
encode one or more protein coding genes, and RNAs
that don’t contain coding regions), or asRNAs with reg-
ulatory functions. It is built upon a Hidden Markov
model that considers each input transcript sequence as
an observation sequence, and computes the most likely
hidden sequence, representing the annotation of the
sequence. The metatranscriptomic sequences acquired
by using a stranded RNA-seq protocol will be first
assembled into transcripts by a reference-mapping
approach (e.g., through mapping the reads to reference
bacterial genomes or corresponding metagenomes) or
by a de novo assembly approach, e.g., by using Velvet
[26], Trinity [27] or Oases [28]. We tested TransGeneS-
can on a metatranscriptomic data set acquired from a
mock community consisting of three bacterial species:
Escherichia coli, Rhodobacter sphaeroides, and Prochloro-
coccus marinus [15]. To evaluate the performance of
TransGeneScan, we focused on the accuracy of the pro-
tein-coding genes on the predicted mRNA transcripts,
where the currently annotated genes in each of the
three genomes are considered to be true positives. We
also analyzed the asRNAs and operons predicted by
TransGeneScan. Below, we describe these methods in
details.
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Transcript assembly
In this study, we adopt an ad hoc reference-based assem-
bly algorithm for reconstructing transcript sequences from
metatranscriptomic data. Transcriptome assemblers are
available for processing RNA-seq data, including refer-
ence-based transcriptome assemblers such as Cufflinks
[29] and de novo assemblers such as Velvet [26], Trinity
[27] and Oases [28]. These algorithms were designed for
eukaryotic transcriptome assembly, and thus focused on
the challenge of reconstructing alternative splicing forms.
On the one hand, the assembly of bacterial transcriptomes
might be less challenging because of the lack of splicing;
but specific issues like overlapping transcripts and alterna-
tive operon structures may complicate the problem [30].
As a result, fine-tuned algorithms may be needed for
metatranscriptome assembly. Nevertheless, we stress that
implementation of a metatranscriptome assembler is
beyond the scope of this paper, and hence, we adopt a
simple approach to this problem, as described below.
Given a set of RNA-seq sequences, we first align them

onto reference genomes by using BWA [31]. To obtain
the start and end positions of transcripts from the mapped
reads, we partition the reads into two sets using SAMtools
[32]: the first set contains reads contributed by transcripts
transcribed from the positive strand of the reference gen-
ome (i.e., positively-transcribed reads), and the second set
contains reads contributed by those transcribed from the
negative strand (i.e., negatively-transcribed reads). Because
the stranded RNA-seq protocol is used, this partitioning
can be easily achieved using the SAMtools flag-filters
based on the rules as shown in Supplementary Table S1
(see Additional file 1). In the next step, for each set, we
mark regions in the reference genome supported by at
least one read from the respective set. Then, we extract
contiguous marked regions that are ≥ 120 base pairs long.
These sequences are considered as potential transcripts
and input to the gene prediction programs. Since we know
that the transcripts assembled from the second set of reads
correspond to transcripts from the negative strand, these
transcripts are converted into their reverse complements
before giving as input to the prediction programs. The
gene annotations for the transcripts are obtained from the
corresponding annotations for the reference genome,
which are downloaded from Genbank (IDs: E. coli:
NC_000913.3, P. marinus: NC_005072.1 and R. sphaer-
oides: NC_007493.2). We used the reference genomes to
achieve a well-assembled set of transcripts, for the purpose
of evaluating the gene-prediction accuracy in metatran-
scriptomic data. In practice, complete reference genomes
may not be available for metatranscriptome studies. In this
case, one can use transcripts assembled by de novo assem-
bly algorithms (such as Velvet [26], Trinity [27] or Oases
[28]) as input to TransGeneScan.

Hidden Markov Model for gene finding
In TransGeneScan, we extended the Hidden Markov
Model (HMM) used in FragGeneScan to the gene finding
in metatranscriptomic sequences. FragGeneScan HMM
incorporates codon usage bias, sequencing error models
and start/stop codon patterns in a unified model for gene
finding in short, error-prone metagenomic sequences
[22]. The model parameters (e.g., the transition and emis-
sion probabilities) were not learned from training data,
but were estimated by using a linear regression to the GC
% of the input genomic sequences. We modified the
FragGeneScan by removing the frameshift states (based
on the assumption that the assembled transcript
sequences contain no frameshift errors), and incorporat-
ing the strand specificity of the transcript. As shown in
Figure 1, the HMM employed in TransGeneScan consists
of 9 super-states in two modules: 4 super-states in the
sense (coding) strand module, representing coding
regions, start codons, stop codons and un-translated
regions, respectively; and 5 super-states in the antisense
strand module, representing start codons, stop codons,
coding regions, and un-translated regions, respectively.
The un-translated regions in the antisense strand are
represented as two distinct states, one for the 5’ un-trans-
lated region and one for the 3’ un-translated region to
prohibit the transition from the coding regions in one
gene to those in another (because antisense transcripts
often overlap with only one gene). Furthermore, an idle
start state is used to ensure that the annotation (hidden
state) sequence can only initiate from the un-translated
regions in positive strand (but can initiate from any state
in the negative strand). We removed transitions from the
forward strand to the backward strand and vice versa
making the top and the bottom half of the model
mutually exclusive. Each of the two super-states for cod-
ing regions consists of six consecutive match states (M1
to M6, and M1- to M6-, respectively) represented by dia-
monds, allowing different parameters to be used for each
position in a di-codon, which collectively model the
codon bias in coding regions. We used the same regres-
sion models as used in FragGeneScan to obtain transition
and emission probabilities for the match states [22].
To annotate transcript sequences, the Viterbi algorithm

is used to obtain the most likely path of hidden states
that generates the input nucleotide sequence. In this
study, we output coding sequences of length greater than
120 base pairs that start in a start state (start codon) and
end in a stop state (stop codon). A length of 120 bps is
chosen to ensure the transcript contains at least two
overlapping reads, since the length of Illumina reads is
about 100 bps. Genes predicted in the strand opposite to
the native strand of the transcript (denoted as the nega-
tive strand) are reported as antisense transcripts. While
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more than one open reading frames are allowed to be
predicted in the native strand of a transcript (i.e., corre-
sponding to an operon), at most one is allowed in the
antisense strand.
TransGeneScan is implemented using C and Perl, and

is available as open-source software on SourceForge at
https://sourceforge.net/projects/transgenescan/.

Performance evaluation and comparison
The performance of gene prediction is measured in
terms of sensitivity, precision and accuracy. Sensitivity
(Sn) is computed as the ratio of true positives versus all
annotated genes and precision (Pr) is the ratio of true
positives versus all predicted genes. The accuracy is
measured using the F-score defined by,

F = 2 · Pr · Sn
Pr + Sn

(1)

The performance of TransGeneScan is compared with
GeneMark, Glimmer, MetaGeneMark and FragGeneScan.
The parameters used for these programs are shown in
Table 1. All the programs are given the same input tran-
script sequences. Partial gene predictions are removed from

the output of all programs for the purpose of performance
evaluation.

Results and discussion
We analyzed RNA-seq reads from a mock bacterial com-
munity containing three bacterial species[15]:Escherichia
coli [GenBank:NC_000913.3],Prochlorococcus marinus
[GenBank: NC_005072.1]and Rhodobacter sphaeroides

Figure 1 The Hidden Markov Model employed in TransGeneScan. The model consists of 9 super-states in two modules, 4 for the sense (coding)
strand (top module), representing coding regions (i), start codons (ii), stop codons (iii) and un-translated regions (iv), respectively; and 5 for the
antisense strand (bottom module), representing start codons (v), stop codons (vi), coding regions (vii), and un-translate regions (viii and ix),
respectively. The un-translated regions in the antisense strand are represented as two distinct states, one for the 5’ un-translated region and one for
the 3’ un-translated region to prohibit the transition from the coding regions in one gene to those on another (because antisense transcripts are often
a part of gene in the opposite strand). Furthermore, an idle start state is used to ensure that the annotation (hidden state) sequence can only initiate
from the un-translated regions in positive strand (but can initiate from any state in the negative strand). The transition from the hidden states in one
strand to the states in another strand is prohibited. Each of the two super-states for coding regions (i and vii) consists of six consecutive match states
(M1 to M6, and M1- to M6-, respectively) represented by diamonds, which collectively correspond to a six-periodic inhomogeneous HMM. Comparing
to the HMM used in FragGeneScan [22], this model does not contain the insertion and deletion states, based on the assumption that the assembled
transcripts from metatranscriptomic sequences contain no frameshift errors.

Table 1 Command lines and parameters used for the
programs in the benchmarking.

GeneMark:

$ gmsn.pl −−prok −−format GFF <input>

Glimmer:

$ build −icm −r run1.icm < <coding−sequences>

$ glimmer3 −o50 −g110 −t30 <input> run1.icm run1

MetaGeneMark:

$ gmhmmp −s . − f G −m MetaGeneMark v1 . mod −o mgm.gff
<input>

FragGeneScan:

$ run_FragGeneScan.pl −genome=<input> −out=Frag

−complete=1 − train =complete
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[GenBank:NC_007493.2].The set of raw RNA reads
(paired-end 101 bps reads acquired by using Illumina
sequencer) were downloaded from Short Reads Archive
(SRA ID: SRR442380), which contains 9,668,044 paired-
end reads of 976.5 Mbps with the average insertsize of
300 bps. The reads were mapped to the three reference
genomes by using BWA [31], and a total of 5,278,699,
2,439,476 and 1,113,601 reads can be mapped to the gen-
omes of E. coli, P. marinus and R. sphaeroides, respec-
tively. These mapped reads were further assembled into
the transcripts representing genomic sequences continu-
ously covered by mapped reads in each genome (see
Methods for details). These transcripts were provided as
input to TransGeneScan, which classified each transcript
as a sense transcript or an antisense transcript. For sense
transcripts, TransGeneScan also reported the protein-
coding genes in them.

Accuracy of protein-coding gene prediction
We first evaluate the prediction accuracy of TransGeneS-
can on protein-coding genes. The performance is com-
pared with two metagenomic gene finders MetaGeneMark
and FragGeneScan, and two gene finders for microbial
genomes, Glimmer and GeneMark. The default para-
meters were used for TransGeneScan, MetaGeneMark
and FragGeneScan, and thus are independent of the input
sequences used here for performance evaluation. Notably,
the parameter used in TransGeneScan for estimating
transition and emission probabilities are inherited from
FragGeneScan [22], which were trained on a set of genes
in bacterial genomes with various GC-content [22]. The
parameters of Glimmer and GeneMark were self-trained
on protein-coding genes in each respective bacterial gen-
ome, and as a result, different model parameters might be
used in the gene prediction on transcripts from each of
the three bacterial genomes. We note that, in practice of
metatranscriptomic gene prediction, the bacterial genomes
from which some transcripts are transcribed may not be
known; as a result, Glimmer and GeneMark may not per-
form as well as reported here.
The performance of these five programs were measured

on sensitivity, precision and accuracy (see Methods), as
shown in Table 2. A gene annotated in a respective refer-
ence genome is considered to be positive if it is fully con-
tained in an assembled transcript. A total of 2,171, 621
and 1,184 genes can be recovered in the assembled tran-
scripts of the metatranscriptome sequences in the bacteria
E. coli, P. marinus and R. sphaeroides, respectively. A pre-
dicted gene is considered to be true positive if it comple-
tely overlaps with (or overlaps with at least 80% of) an
annotated gene in the corresponding frame in the respec-
tive reference genome. The rest of predicted genes are
counted as false positives. We found that a significant pro-
portion of false positives correspond to predictions in

partial genic regions at the 5’ end of the transcripts. For
these genes, the stop codon is predicted correctly in the
correct frame; but the start codon is picked from the mid-
dle of the gene since the transcript does not cover the
entire gene. Because these genes can neither be counted as
true positives nor as false positives, they are excluded from
the performance evaluation for each of the five programs.
A gene is considered to be false negative if it is covered by
a transcript, but does not completely overlap with (or
overlap with at least 80% of) a predicted gene in the corre-
sponding frame.
From the results, we observe that TransGeneScan per-

forms significantly better than metagenomic gene fin-
ders (MetaGeneMark and FragGeneScan), especially
with respect to sensitivity. It performs comparable to
GeneMark and Glimmer with some tradeoff between
sensitivity and precision (e.g, in the case of E. coli and

Table 2 Comparison of performance measures (TP - True
Positives, Sn - Sensitivity, Pr - Precision and Ac -
Accuracy) between GeneMark, Glimmer, MetaGeneMark
(MGM), FragGeneScan (FGS) and TransGeneScan (TGS).

Organisms GeneMark Glimmer MGM FGS TGS

E. coli (2171*) Predicted 2039 2169 1961 1941 2159

Completely TP 1805 1695 1642 1678 1889

Overlap Sn 83.14 78.07 75.63 77.29 87.01

Pr 97.67 95.71 97.56 96.00 97.82

Ac 89.82 86.00 85.21 85.63 92.10

80% TP 1996 2093 1920 1871 2117

Overlap Sn 91.94 96.41 88.44 86.18 97.51

Pr 97.89 96.50 97.91 96.39 98.05

Ac 94.82 96.45 92.93 91.00 97.78

P. marinus
(621*)

Predicted 631 698 592 578 571

Completely TP 488 527 482 456 501

Overlap Sn 78.58 84.86 77.62 73.43 80.68

Pr 83.85 83.52 88.93 85.23 95.98

Ac 81.13 84.19 82.89 78.89 87.66

80% TP 537 595 532 499 550

Overlap Sn 86.47 95.81 85.67 80.35 88.57

Pr 85.10 85.24 89.86 86.33 96.32

Ac 85.78 90.22 87.72 83.24 92.28

R. sphaeroides
(1184*)

Predicted 1078 1121 1024 1026 1165

Completely TP 899 891 897 879 1011

Overlap Sn 75.93 75.25 75.76 74.24 85.39

Pr 98.04 97.38 98.36 97.88 97.87

Ac 85.58 84.90 85.59 84.44 91.20

80% TP 1060 1097 1009 1007 1143

Overlap Sn 89.53 92.65 85.22 85.05 96.54

Pr 98.33 97.86 98.54 98.15 98.11

Ac 93.72 95.18 91.39 91.13 97.32
*The numbers of positive genes recovered in the assembled transcripts.
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R. sphaeroides, TransGeneScan achieves higher sensitiv-
ity, while in the case of P. marinus, it achieves better
precision). The overall accuracy of TransGeneScan is
better than that of GeneMark and Glimmer. It was
observed that gene prediction accuracy in metagenomic
sequences is typically lower than that in microbial gen-
omes, because the average model parameters are used
for different bacterial genomes potentially present in the
input data [23,22]. Our results, however, indicate that
with the assistance of metatranscriptomic data, bacterial
genes can be predicted accurately in metagenomes, with
comparable or even higher prediction accuracy (i.e.,
> 90%) than that in bacterial genomic sequences (i.e.,
typically 80% to 90%). We attribute this improvement to
the TransGeneScanentary signals in the metatranscrip-
tomic sequences: 1) the boundary of transcripts help to
define the appropriate reading frame as well as the start
codon; and 2) the stranded data help to distinguish the
true coding strand. We stress that we used the reference
genome here only for evaluation purpose, i.e., by consid-
ering annotated genes in the reference as the golden
standard. In practice, one can use TransGeneScan to
directly predict genes in assembled transcripts from
metatranscriptomic sequences without additional train-
ing, and the prediction accuracy should not be substan-
tially worse than the results described here. Finally, gene
prediction in a particular metatranscriptomic data set
may not cover all genes encoded in the community (e.g.,
in the mock data set used here, 2,159 or 52% genes in
E. coli can be recovered from assembled transcript),
because 1) only a fraction of genes are transcribed, and 2)
due to the sequencing depth, some transcribed genes with
low abundances in the sample may not be fully recovered.
Therefore, multiple metatranscriptomic studies of the
same community are needed to achieve a comprehensive
annotation of the genes in the community.

Predicted antisense transcripts
In addition to sense transcripts, TransGeneScan pre-
dicted a substantial number of antisense transcripts:
among 5,999, 3,027 and 3,173 transcripts predicted in
E. coli, P. marinus and R. sphaeroides, 2,086 (34.8%),
1,094 (36.1%) and 490 (15.6%) were predicted as puta-
tive antisense transcripts, respectively. A majority of
these putative antisense transcripts (2,681 out of 3,670;
73.1%) overlaps partially with one real gene (as anno-
tated in the reference genome) in the opposite strand,
while do not overlap with any gene in the same strand;
1,585 (76.0%), 932 (85.2%) and 164 (33.5%) of those
cases are in E. coli, P. marinus and R. sphaeroides,
respectively. These predicted transcripts are likely true
positives, although the remaining predictions are not
necessarily false. Only very few (0.52%, 2.65% and
2.45%) predicted antisense transcripts contain complete

annotated genes (11, 29 and 12 in E. coli, P. marinus
and R. sphaeroides, respectively), which are likely
mRNAs instead of asRNAs, and thus are false positives.
The numbers of asRNAs reported for different bacteria
vary extensively, but hundreds and even thousands have
been suggested in some species [33]. Our analysis sug-
gests a widespread antisense transcription in E. coli,
which is consistent with the previous systematic studies
that report thousands of asRNAs in this species [21,34].
We also found prevalent asRNAs in the less studied
bacterial species (P. marinus and R. sphaeroides). We
report these predicted asRNAs in our website (http://
omics.informatics.indiana.edu/mg/TransGeneScan),
which will provide important resources for further stu-
dies of the gene regulation in these species.

Predicted operons
TransGeneScan can predict more than one gene in a given
transcript, which indicates a putative operon structure (i.e.,
multiple genes transcribed together in the same transcript).
We observed a total of 512, 158 and 321 putative operons
predicted in E. coli, P. marinus and R. sphaeroides, respec-
tively. We compared the 512 operons predicted in E. coli
with the known operons curated in RegulonDB [35]. Out
of 512 predicted putative operons, 445 (86.9%) matched
with at least 80% overlap of those in RegulonDB, and
144 (28.1%) matched completely with known operons.
Among the remaining 67 predicted operons, 65 were fully
contained within the operons in the RegulonDB predomi-
nantly with at least 30% overlap. These cases may indicate
incomplete coverage of the transcripts containing these
operons in the data set due to low sequencing depth, or
potential alternative operon transcription in the experi-
ment. There were two predicted operons that span across
multiple known operons: one contains the genes ygbK and
ygbL, spanning two operons ygbJK (containing genes ygbJ
and ygbK), and ygbLM (containing genes ygbL and ygbM)
in regulonDB; the other one contains the genes yjeM (par-
tial), yjeN and yjeO, spanning the two operons yjeM (con-
taining gene yjeM) and yjeNO (containing genes yjeN and
yjeO). The intergenic distances in the known operons are
-3 (overlapping genes), 5 and -3 between the pairs of genes
of ygbJK, ygbLM and yjeNO, respectively, whereas in
the two predicted operons, the intergenic distances are 92
(between ygbKL) and 52 (between ybeMN), respectively.
These two cases may represent novel alternative operon
structures, or artificial transcripts that merge two overlap-
ping transcripts (we note that computational methods have
been developed recently to detect overlapping transcripts
in bacterial RNA-seq data [30]). Nevertheless, our results
showed that most of the putative operons predicted in
E. coli by TransGeneScan agreed with the ones collected in
RegulonDB. Hence, TransGeneScan prediction on meta-
transcriptomic data may provide useful information to
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detect active operons in a microbial community. The full list
of operons in all three genomes are shown in our website
(http://omics.informatics.indiana.edu/mg/TransGeneScan).

Conclusion
In this paper, we present TransGeneScan, a software
tool specifically designed for finding genes in metatran-
scriptomic sequences. TransGeneScan can predict pro-
tein-coding genes as well as antisense RNAs solely from
metatranscriptomic sequences without additional train-
ing. The testing results showed that TranGeneScan
achieves comparable or even higher accuracy than gene
finders for individual microbial genomes, implying that,
with the assistance of metatranscriptomic sequencing,
we can predict accurately the genes in a microbial com-
munity, and thus reveal a precise picture of its func-
tional properties.

Additional material

Additional file 1: Supplementary tables. PDF file containing
Supplementary Table S1.

List of abbreviations
HMP: Human Microbiome Project; T2D: Type II Diabetes; NGS: Next
generation sequencing; asRNA: antisense RNA; HMM: Hidden Markov Model;
Sn: Sensitivity; Pr: Precision: Ac: Accuracy; TP: True positives; MGM:
MetaGeneMark; FGS: FragGeneScan; TGS: TransGeneScan.

Competing interests
The authors declare that they have no competing interests.

Authors’ contributions
HT, YY and WMI designed the study. WMI contributed tools for the analysis.
WMI, HT and YY analyzed the data, and wrote the paper.

Acknowledgements
We are grateful to Dr. Mina Rho for her development of the software
FragGeneScan, of which some code and parameters were used in
TransGeneScan. This work is supported by National Science Foundation
under grant number DBI-0845685.

Declarations
Publication of this article was supported by National Science Foundation
under grant number DBI-0845685 and RECOMB conference.
This article has been published as part of BMC Bioinformatics Supplement:
Proceedings of the Fourth Annual RECOMB Satellite Workshop on Massively
Parallel Sequencing (RECOMB-seq 2014).
This article has been published as part of BMC Bioinformatics Volume 15
Supplement 9, 2014: Proceedings of the Fourth Annual RECOMB Satellite
Workshop on Massively Parallel Sequencing (RECOMB-Seq 2014). The full
contents of the supplement are available online at http://www.
biomedcentral.com/bmcbioinformatics/supplements/15/S9.

Published: 10 September 2014

References
1. Metzker ML: Sequencing technologies–the next generation. Nature

Reviews Genetics 2009, 11(1):31-46.
2. Torsvik V, Øvreås L: Microbial diversity and function in soil: from genes to

ecosystems. Current opinion in microbiology 2002, 5(3):240-245.

3. DeLong EF: The microbial ocean from genomes to biomes. Nature 2009,
459(7244):200-206.

4. Ghai R, Rodŕíguez-Valera F, McMahon KD, Toyama D, Rinke R, de
Oliveira TCS, Garcia JW, de Miranda FP, Henrique-Silva F: Metagenomics of
the water column in the pristine upper course of the amazon river. PloS
one 2011, 6(8):23785.

5. Qin J, Li R, Raes J, Arumugam M, Burgdorf KS, Manichanh C, Nielsen T,
Pons N, Levenez F, Yamada T, et al: A human gut microbial gene
catalogue established by metagenomic sequencing. Nature 2010,
464(7285):59-65.

6. Methé BA, Nelson KE, Pop M, Creasy HH, Giglio MG, Huttenhower C,
Gevers D, Petrosino JF, Abubucker S, Badger JH, et al: A framework for
human microbiome research. Nature 2012, 486(7402):215-221.

7. Huttenhower C, Gevers D, Knight R, Abubucker S, Badger J, Chinwalla A,
Creasy H, Earl A, FitzGerald M, Fulton R, et al: Structure, function and
diversity of the healthy human microbiome. Nature 2012,
486(7402):207-214.

8. Qin J, Li Y, Cai Z, Li S, Zhu J, Zhang F, Liang S, Zhang W, Guan Y, Shen D,
Peng Y, Zhang D, Jie Z, Wu W, Qin Y, Xue W, Li J, Han L, Lu D, Wu P, Dai Y,
Sun X, Li Z, Tang A, Zhong S, Li X, Chen W, Xu R, Wang M, Feng Q,
Gong M, Yu J, Zhang Y, Zhang M, Hansen T, Sanchez G, Raes J, Falony G,
Okuda S, Almeida M, LeChatelier E, Renault P, Pons N, Batto JM, Zhang Z,
Chen H, Yang R, Zheng W, Li S, Yang H, Wang J, Ehrich SD, Nielsen R,
Pedersen O, Kristiansen K, Wang J: A metagenome-wide association study
of gut microbiota in type 2 diabetes. Nature 2012, 490:55-60.

9. Le Chatelier E, Nielsen T, Qin J, Prifti E, Hildebrand F, Falony G, Almeida M,
Arumugam M, Batto JM, Kennedy S, Leonard P, Li J, Burgdorf K, Grarup N,
J?rgensen T, Brandslund I, Nielsen HB, Juncker AS, Bertalan M, Levenez F,
Pons N, Rasmussen S, Sunagawa S, Tap J, Tims S, Zoetendal EG, Brunak S,
Clement K, Dore J, Kleerebezem M, Kristiansen K, Renault P, Sicheritz-
Ponten T, de Vos WM, Zucker JD, Raes J, Hansen T, Bork P, Wang J,
Ehrlich SD, Pedersen O, Guedon E, Delorme C, Layec S, Khaci G, van de
Guchte M, Vandemeulebrouck G, Jamet A, Dervyn R, Sanchez N, Maguin E,
Haimet F, Winogradski Y, Cultrone A, Leclerc M, Juste C, Blottiere H,
Pelletier E, LePaslier D, Artiguenave F, Bruls T, Weissenbach J, Turner K,
Parkhill J, Antolin M, Manichanh C, Casellas F, Boruel N, Varela E, Torrejon A,
Guarner F, Denariaz G, Derrien M, van Hylckama Vlieg JE, Veiga P, Oozeer R,
Knol J, Rescigno M, Brechot C, M’Rini C, Merieux A, Yamada T: Richness of
human gut microbiome correlates with metabolic markers. Nature 2013,
500(7464):541-546.

10. Karlsson FH, Tremaroli V, Nookaew I, Bergstrom G, Behre CJ, Fagerberg B,
Nielsen J, Backhed F: Gut metagenome in European women with normal,
impaired and diabetic glucose control. Nature 2013, 498(7452):99-103.

11. Shi Y, McCarren J, DeLong EF: Transcriptional responses of surface water
marine microbial assemblages to deep-sea water amendment.
Environmental microbiology 2012, 14(1):191-206.

12. de Menezes A, Clipson N, Doyle E: Comparative metatranscriptomics
reveals widespread community responses during phenanthrene
degradation in soil. Environmental Microbiology 2012, 14(9):2577-2588.

13. Moran MA, Satinsky B, Gifford SM, Luo H, Rivers A, Chan LK, Meng J,
Durham BP, Shen C, Varaljay VA, et al: Sizing up metatranscriptomics. The
ISME Journal 2012, 7(2):237-243.

14. Gilbert JA, Hughes M: Gene expression profiling: metatranscriptomics.
Methods Mol Biol 2011, 733:195-205.

15. Giannoukos G, Ciulla DM, Huang K, Haas BJ, Izard J, Levin JZ, Livny J,
Earl AM, Gevers D, Ward DV, et al: Efficient and robust rna-seq process for
cultured bacteria and complex community transcriptomes. 2012.

16. Sesto N, Wurtzel O, Archambaud C, Sorek R, Cossart P: The excludon: a
new concept in bacterial antisense rna-mediated gene regulation. Nature
Reviews Microbiology 2013, 11(2):75-82.

17. Stazic D, Lindell D, Steglich C: Antisense RNA protects mRNA from RNase
E degradation by RNA-RNA duplex formation during phage infection.
Nucleic Acids Res 2011, 39(11):4890-4899.

18. Lasa I, Toledo-Arana A, Gingeras TR: An effort to make sense of antisense
transcription in bacteria. RNA Biol 2012, 9(8):1039-1044.

19. Itoh T, Tomizawa J: Formation of an RNA primer for initiation of
replication of ColE1 DNA by ribonuclease H. Proc. Natl. Acad. Sci. U.S.A.
1980, 77(5):2450-2454.

20. Albrecht M, Sharma CM, Reinhardt R, Vogel J, Rudel T: Deep sequencing-
based discovery of the Chlamydia trachomatis transcriptome. Nucleic
Acids Res 2010, 38(3):868-877.

Ismail et al. BMC Bioinformatics 2014, 15(Suppl 9):S8
http://www.biomedcentral.com/1471-2105/15/S9/S8

Page 7 of 8

http://omics.informatics.indiana.edu/mg/TransGeneScan
http://www.biomedcentral.com/content/supplementary/1471-2105-15-S9-S8-S1.pdf
http://www.biomedcentral.com/bmcbioinformatics/supplements/15/S9
http://www.biomedcentral.com/bmcbioinformatics/supplements/15/S9


21. Selinger DW, Cheung KJ, Mei R, Johansson EM, Richmond CS, Blattner FR,
Lockhart DJ, Church GM: RNA expression analysis using a 30 base pair
resolution Escherichia coli genome array. Nat Biotechnol 2000,
18(12):1262-1268.

22. Rho M, Tang H, Ye Y: Fraggenescan: predicting genes in short and error-
prone reads. Nucleic acids research 2010, 38(20):191-191.

23. Zhu W, Lomsadze A, Borodovsky M: Ab initio gene identification in
metagenomic sequences. Nucleic acids research 2010, 38(12):132-132.

24. Salzberg SL, Delcher AL, Kasif S, White O: Microbial gene identification
using interpolated markov models. Nucleic acids research 1998,
26(2):544-548.

25. Borodovsky M, McIninch J: Genmark: parallel gene recognition for both
dna strands. Computers & chemistry 1993, 17(2):123-133.

26. Zerbino DR, Birney E: Velvet: algorithms for de novo short read assembly
using de bruijn graphs. Genome research 2008, 18(5):821-829.

27. Grabherr MG, Haas BJ, Yassour M, Levin JZ, Thompson DA, Amit I,
Adiconis X, Fan L, Raychowdhury R, Zeng Q, et al: Full-length
transcriptome assembly from rna-seq data without a reference genome.
Nature biotechnology 2011, 29(7):644-652.

28. Schulz MH, Zerbino DR, Vingron M, Birney E: Oases: robust de novo rna-seq
assembly across the dynamic range of expression levels. 2012,
28(8):1086-1092.

29. Trapnell C, Williams BA, Pertea G, Mortazavi A, Kwan G, van Baren MJ,
Salzberg SL, Wold BJ, Pachter L: Transcript assembly and quantification by
rna-seq reveals unannotated transcripts and isoform switching during
cell differentiation. Nature biotechnology 2010, 28(5):511-515.

30. Li S, Dong X, Su Z: Directional rna-seq reveals highly complex condition-
dependent transcriptomes in e. coli k12 through accurate full-length
transcripts assembling. BMC genomics 2013, 14(1):520.

31. Li H, Durbin R: Fast and accurate short read alignment with burrows-
wheeler transform. Bioinformatics 2009, 25(14):1754-1760.

32. Li H, Handsaker B, Wysoker A, Fennell T, Ruan J, Homer N, Marth G,
Abecasis G, Durbin R, et al: The sequence alignment/map format and
samtools. Bioinformatics 2009, 25(16):2078-2079.

33. Georg J, Hess WR: cis-antisense RNA, another level of gene regulation in
bacteria. Microbiol Mol Biol Rev 2011, 75(2):286-300.

34. Dornenburg JE, Devita AM, Palumbo MJ, Wade JT: Widespread antisense
transcription in Escherichia coli. MBio 2010, 1(1).

35. Salgado H, Gama-Castro S, Peralta-Gil M, Díaz-Peredo E, Sánchez-Solano F,
Santos-Zavaleta A, Martínez-Flores I, Jiménez-Jacinto V, Bonavides-
Martínez C, Segura-Salazar J, Martínez-Antonio A, Collado-Vides J:
RegulonDB (version 5.0): Escherichia coli k-12 transcriptional regulatory
network, operon organization, and growth conditions. Nucleic acids
research 2006, 34:394-397.

doi:10.1186/1471-2105-15-S9-S8
Cite this article as: Ismail et al.: Gene finding in metatranscriptomic
sequences. BMC Bioinformatics 2014 15(Suppl 9):S8.

Submit your next manuscript to BioMed Central
and take full advantage of: 

• Convenient online submission

• Thorough peer review

• No space constraints or color figure charges

• Immediate publication on acceptance

• Inclusion in PubMed, CAS, Scopus and Google Scholar

• Research which is freely available for redistribution

Submit your manuscript at 
www.biomedcentral.com/submit

Ismail et al. BMC Bioinformatics 2014, 15(Suppl 9):S8
http://www.biomedcentral.com/1471-2105/15/S9/S8

Page 8 of 8


	Abstract
	Background
	Results
	Conclusion
	Availability

	Background
	Methods
	Transcript assembly
	Hidden Markov Model for gene finding
	Performance evaluation and comparison

	Results and discussion
	Accuracy of protein-coding gene prediction
	Predicted antisense transcripts
	Predicted operons

	Conclusion
	List of abbreviations
	Competing interests
	Authors’ contributions
	Acknowledgements
	Declarations
	References

