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ABSTRACT
Streptomyces spp. produce a variety of valuable
secondary metabolites, which are regulated in a
spatio-temporal manner by a complex network of
inter-connected gene products. Using a compilation
of genome-scale temporal transcriptome data for
the model organism, Streptomyces coelicolor, under
different environmental and genetic perturbations,
we have developed a supervised machine-learning
method for operon prediction in this microorganism.
We demonstrate that, using features dependent on
transcriptome dynamics and genome sequence,
a support vector machines (SVM)-based classification algorithm can accurately classify `90% of gene
pairs in a set of known operons. Based on model
predictions for the entire genome, we verified the
co-transcription of more than 250 gene pairs by
RT-PCR. These results vastly increase the database
of known operons in S. coelicolor and provide
valuable information for exploring gene function
and regulation to harness the potential of this
differentiating microorganism for synthesis of
natural products.
INTRODUCTION
Transcriptional regulation is perhaps the most fundamental control in gene expression. Many functionally
related genes are often co-regulated, meaning that their
expression is coordinated temporally or even spatially
in response to the need of the organism in a given
environmental
condition.
In
prokaryotes
these
co-regulated genes are often organized in their genomes
into physical clusters called operons. An operon thus
consists of more than one adjacent gene expressed as

a transcription unit. Operons allow an organism to
simultaneously express the genes that are needed for cell
survival under the same condition, providing a control
circuit that is both simple and economical. In some cases,
however, there is also a need to ﬁne-tune the expression of
individual genes in an operon under some circumstances.
This is accomplished by alternative regulation of
genes, which are normally co-regulated in one operon
(1). Transcription of a unit encoding a single gene or an
operon is controlled by a promoter and a terminator.
Alternative regulation in an operon is accomplished
by one or more alternative promoters or internal
transcription terminator.
In the past few years numerous bacterial genomes have
been completely sequenced and the number is steadily
increasing. Identifying potential operons in those genomes
facilitates the functional annotation of the genes involved
and is important in elucidating the regulation of those
genes. Several approaches have been previously used for
operon predictions. Most methods rely on features based
on the genome structure or the functional similarity of
genes of interest. Since adjacent genes in an operon often
are physically closer to each other than those not in the
same operon, intergenic distance provides information
about the likelihood that two adjacent genes may be on
the same operon (2). The conservation of gene order
in multiple organisms is also taken into account (3).
Additionally, the similarity of codon usage (the frequency
with which synonymous codons encode amino acids in
neighboring genes) is also used for operon predictions (4).
Since genes on the same operon are co-regulated, at least
under the conditions when alternative regulation is
not in play, their transcription proﬁles are likely to be
well correlated. Identifying adjacent genes whose transcription levels are well correlated also provides much
information on the likelihood of their being in the same
operon (5).
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Unsupervised Bayesian methods using features based
on genome sequence and functional similarity have
been reported for operon prediction in all sequenced
prokaryotes (3,4,6). An empirical scoring method has
also been reported previously (7). Since these methods do
not require a training set, they are advantageous for
organisms where little or no information about known
operons is available. Alternatively, machine-learning
approaches have also been used to train models based
on databases of known operons. Studies have shown
that log-likelihoods derived from distribution of intergenic
distance in a set of known operons can be used for operon
prediction in several prokaryotes (2,8). Naı̈ve Bayesian
classiﬁer as well as C5.0, a decision tree-based algorithm,
have been reported for predicting operons in Escherichia
coli (9,10). A support vector machines (SVM)-based
model has recently been reported for operon prediction
in E. coli and Bacillus subtilis (11). Few reported methods
have combined transcriptome data and genome sequence
for predicting operon structure. A hidden Markov model
based on expression data alone has been reported for
E. coli (12). Bayesian methods that combine similarity
of transcript proﬁles with information based on genome
sequence have been previously used for operon prediction
in E. coli and B. subtilis (5,13,14).
Streptomyces coelicolor, with an 8.7 Mbp linear chromosome and approximately 7800 predicted ORFs,
has one of the largest completely sequenced bacterial
genomes. The genome encodes 20 secondary metabolite
gene clusters including clusters for three antibiotics—
actinorhodin (Act), undecylprodigiosin (Red) and calcium-dependent antibiotic (CDA) (15). It belongs to the
genus Streptomyces whose members are widespread in
soil, have complex multicellular lifecycle, and produce
nearly two-thirds of reported naturally occurring antibiotics and a variety of other natural compounds
including anti-tumor agents and immunosuppressants
(16). With its complex life cycle and capacity to produce
numerous antibiotics, S. coelicolor leads a very dynamic
life cycle of vegetative growth and sporulation, undergoing changes from primary metabolism to secondary
metabolite (antibiotic) production. Changes in environmental factors and growth conditions, or perturbations
through genetic mutations often result in major changes in
its transcriptome proﬁle (17–19). Like many other
bacteria, genes of the same functional class or in the
same pathway are often organized into operons. However,
with only around 50 previously reported operons, its
operon structure is not well characterized. The recent
development of whole genome microarray for S. coelicolor
has generated an increasing amount of transcriptome data
obtained from diﬀerent mutants and/or diﬀerent culture
conditions. This data can potentially be used to discern
transcriptional co-regulation and identify operons; thus,
facilitating gene annotation and providing valuable
functional information.
In this study, we employed genome-wide temporal
transcriptome data from several strains and culture
conditions, information about intergenic distance and
transcription terminator predictions, and applied a
SVM-based model for operon prediction in the entire

genome of S. coelicolor. The model predicts more than
2000 gene pairs as being co-transcribed, of which 250
were subsequently experimentally veriﬁed. This report
demonstrates the application of SVM for operon prediction and veriﬁcation.
MATERIALS AND METHODS
Microarray data
Strains and culture conditions. Streptomyces coelicolor
A3(2) strain M145 (prototroph, SCP1, SCP2) and
mutant strains of two regulatory genes were used—
YSK3225 (M145 absA1::apr) and YSK4425 (M145
afsS::apr). The strains were grown in batch cultures
in liquid medium as described in an earlier report (19).
Probe preparation and microarray hybridization.
Temporal transcriptome proﬁling was performed using a
whole genome DNA microarray of S. coelicolor that has
probes for 7579 genes (19). Cell samples were taken at
diﬀerent time points along the culture for transcriptome
proﬁling. RNA extraction, cDNA synthesis, microarray
hybridization, washing, scanning and image analysis was
performed as described elsewhere (19). Genomic DNA
(gDNA) was used as a common reference for all the
hybridizations. Details for all the protocols are available
at http://hugroup.cems.umn.edu/Protocols/protocol.htm.
Microarray data compilation and processing. The time
series microarray data comprise 67 cell samples from three
diﬀerent strains—27 samples from wild type (M145) (GEO
accession numbers: GSE8084, GSE8086, GSE8107) and
40 samples from two mutant strains - YSK3225 (GSE8108,
GSE8109) and YSK4425 (GSE8110, GSE8160). The data
was arranged as three sets (set 1–3) as shown in Supplementary Table S1. All hybridizations were performed
using genomic DNA as a reference (cDNA:gDNA). The
data was normalized by quantile normalization method,
which assumes that the overall distribution of total mRNA
is the same for diﬀerent RNA samples (19,20).
Transcriptome data publicly available in the Stanford
Microarray Database (SMD), comprising time series
experiments reported by Karoonuthaisiri et al. (21) on
two S. coelicolor strains—M145 and M600, under
diﬀerent stress conditions was also compiled. In these
experiments hybridization was performed by pairing two
cDNA samples (cDNA:cDNA) with one being t = 0 h
cDNA sample, used as a reference in most cases. The data
from 61 samples was arranged as three diﬀerent sets
(set 4–6) depending on the type of experiment, strain
and growth medium used (Supplementary Table S1).
Additionally temporal transcriptome data reported by
Huang et al. (18) on S. coelicolor A3(2) M145, J1501
and several mutant strains was also compiled. This
dataset, which included 48 cDNA:cDNA measurements
and 30 cDNA:gDNA measurements was arranged as
three sets (set 7–9) as shown in Supplementary Table S1.
The experiments with genomic DNA as reference were
quantile normalized. Several genes in each array sample
were ﬂagged ‘absent’ due to low intensity, small spot
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diameter or low spot regression coeﬃcient. Samples
with 425% genes ﬂagged, were discarded before further
processing.
Similarity between the transcript levels of genes in
every pair was calculated by the Pearson correlation
coeﬃcient (r). For calculation of Shannon entropy, the
samples with cDNA:gDNA measurements were standardized by dividing the cDNA/gDNA ratio for every gene
by the cDNA/gDNA ratio of that gene in the ﬁrst time
point of M145 in set 1.
Genome organization
The genome sequence of S. coelicolor and the annotation
ﬁles were obtained from The Sanger Institute (ftp://
ftp.sanger.ac.uk/pub/S_coelicolor/). The leading and
lagging strands were scanned and pairs of genes were
grouped based on whether they were transcribed in
the same directions (same-strand gene pairs) or in
diﬀerent directions (opposite-strand gene pairs). The
7825 genes in the linear chromosome were binned into
4965 same-strand pairs and 2859 opposite-strand pairs
as shown in Figure 1.
Intergenic distance calculation. Intergenic distance in base
pairs between the genes in every gene pair (gene I 
gene II) was calculated as distanceIII ¼ geneII start
geneI end  1. Negative intergenic distance implies an
overlap of the translated region of the two genes.
Prediction of transcription terminators
The presence of rho-independent transcription terminator
in the intergenic region of every gene pair was predicted
by the TransTerm algorithm (22). The algorithm searches
for mRNA motifs that potentially form a hairpin
structure and are followed by a short uracil-rich region
both within and between the genes. The stability of the
hairpin structure and the presence of the U-rich region
are characterized by a score that is used to estimate a
conﬁdence score/probability of the presence of terminator
at a particular site in the genome. Using a conﬁdence level
of 0.9 that has been reported to identify 95% of known
terminators in E. coli (22), we searched all the gene pairs in
S. coelicolor for which the probability of the presence of
terminator in the intergenic region is 0.9 or higher.
Known operon pairs
(Positive class)

Opposite strand pair

Same strand
pair
Non-operon pairs
(Negative class)
Figure 1. Deﬁnition of known operon pairs (KOPs), non-operon pairs
(NOPs), same-strand pairs and opposite-strand pairs. Closed-block
arrows indicate genes in a known operon. Open-block arrows represent
genes with unknown operon status.

Experimental verification of operons
Culture condition, RNA extraction and cDNA synthesis.
Streptomyces coelicolor M145 wild-type spores were
grown in batch culture in modiﬁed R5 liquid medium
(17), as described elsewhere (19), and samples were
withdrawn periodically for RNA extractions. The mycelia
was fragmented in liquid nitrogen using mortar and
pestle and total RNA was extracted using RNeasy
Mini Kit (Qiagen, Valencia, CA, USA) according to the
manufacturer’s protocol. Residual genomic DNA was
digested using Turbo DNA-freeTM kit (Ambion, Austin,
TX, USA) according to the protocol suggested by the
manufacture for rigorous DNase treatment. Total RNA
was suspended in 50 ml of nuclease-free water and stored
at 808C until further use.
Equal amounts of RNA from four samples corresponding to exponential, late exponential, transition and
stationary phase, were pooled and reverse transcribed
using random hexamers and SuperscriptTM III
(Invitrogen, Carlsbad, CA, USA) at 508C for 1 h
according to manufacturer’s protocol. Fifty nanogram of
random hexamer was used for every 5 mg of total RNA.
A negative control was also done without the addition of
the reverse transcriptase enzyme. Thereafter, the RNA
was digested by addition of RNase H (Invitrogen) and
incubation at 378C for 20 min. cDNA was stored at 208C
until further use.
PCR. Gene-speciﬁc primers used for whole genome
microarray construction (19), were used for RT-PCR
based veriﬁcation of transcripts. To conﬁrm that a pair of
adjacent genes is on the same mRNA transcript, the
50 primer of the ﬁrst gene and the 30 primer of the second
gene were combined to form a primer pair at a working
concentration of 5 mM for each primer. The length of
the amplicon for this primer pair was obtained from
the chromosomal location of the primers, obtained by
blasting the primer sequences against a database of
S. coelicolor genome, and ranged from 300 bp to 2.5 kb
for the gene pairs that were tested.
cDNA from 100 ng of pooled RNA was used as
template for every PCR reaction. PCR was also performed
on an equivalent amount of negative control from cDNA
synthesis to check for any residual genomic DNA
contamination in the RNA samples. The PCR conditions
were as follows: 5 min of initial denaturation at 958C,
40 cycles of ampliﬁcation—denaturation for 30 s at 948C,
annealing for 30 s at a temperature between 60 and 648C
depending on the melting temperature of the primers, and
extension at 728C for 150 s. The ﬁnal extension was done
at 728C for 5 min. The total reaction volume was 50 ml
and 20 ml was analyzed on 1% (w/v) agarose gel.
Supervised classification
Support Vector Machines (SVM). SVM are a class of
kernel-based machine-learning methods that use the
principle of structural risk minimization to identify a
decision function that separates objects from two classes
with maximum margin (23,24). SVMlight, an implementation of SVM in C was used for model training and
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evaluation (25). Two of the various kernel functions,
linear and radial basis function (RBF), were used for
classiﬁcation. A linear kernel (k) measures the similarity
between two training objects (x1 and x2) as a dot product
in the input feature space, kðx1 ,x2 Þ ¼ x1  x02 . The radial
kernel function transforms the data using the nonlinear function, kðx1 ,x2 Þ ¼ expð kx1  x2 k2 Þ, where
determines RBF width. For radial kernel function, the
parameters (–g) and the cost function (–c) were selected
using the leave-one-out model selection (looms) procedure
(26). The algorithm calculates the leave-one-out error
rates for a range of parameters and outputs the one with
minimum error rates.
Training set—Positive and negative classes. The training
set consists of 49 known operons compiled from literature.
An additional six known operons in Streptomyces
lividans were also included in the training set. S. lividans
and S. coelicolor are close relatives with 99.6% similarity
in their 16s rRNA sequences (27), and common
structural and genetic organization (28). To increase
the number of known operons in the training set, an
additional eight operons reported in other Streptomyces
spp. (S. griseus, S. antibioticus, S. ambofaciens,
S. ramocissimus, S. thermoviolaceus and Streptomyces sp.
NRRL 5331) with a conserved gene order in S. coelicolor
were also included in the training set. Here, 27, 12, 17, 2
and 5 of the known operons have 2, 3, 4, 5 and 6 or more
genes, respectively.
The gene pairs formed by consecutive genes in the
known operons were referred to as known operon pairs
(KOPs), as shown in Figure 1. The resulting 149 KOPs
constitute the positive class of the training set. The set of
gene pairs that comprise the negative class was created as
follows. The ﬁrst gene of every known operon and the gene
immediately upstream, as well as the last gene in every
known operon and the gene immediately downstream
form non-operon pairs (NOPs) (Figure 1). The resulting set
of 122 NOPs constitutes the negative class. Nine of the
known operons have internal regulation with one or more
internal promoters or a transcriptional terminator. For
these operons, the pair of genes on either side of the
internal control element was not considered as a KOP.
Model training and selection. Binary SVM classiﬁers
were trained for operon prediction using three diﬀerent
features—intergenic distance, correlation of transcript
proﬁles and transcription terminator predictions.
Intergenic distance is measured in base pairs and varies
from 26 to 811 bp in the training set, whereas Pearson
correlation coeﬃcient is bound between 1 and 1.
Due to the large diﬀerence in the range of these features,
scaling was performed by discretizing the intergenic
distances into seven bins corresponding to d 4 0,
05d 4 20, 205d 4 50, 505d 4 100, 1005d 4 200,
2005d 4 300 and d 4 300 bp.
The discrimination rule established during training
can result in overﬁtting whereby the classiﬁer cannot
accurately discriminate test/unseen data. Leave-one-out
and k-fold cross-validation was thus performed to
estimate the performance of the model in classifying an

independent dataset that was not used for training
(i.e. assess its generalizability) (29).
Leave-one-out approach. Leave-one-out cross-validation
is an iterative approach where each gene pair in the
training set of ‘n’ gene pairs is left out in one iteration.
The model is trained with (n  1) gene pairs and used to
classify the nth gene pair. In each iteration, the true class
of the pair (whether it is a KOP or NOP) is compared with
the predicted class. The performance of the model is then
evaluated using diﬀerent metrics.
Evaluation metrics. The following metrics were used to
compare the performance of diﬀerent classiﬁers.
TP
TP þ FN
TP
Precision ¼
TP þ FP
FP
False positive rate ðFPRÞ ¼
FP þ TN
FP þ FN
Total error rate ¼
TP þ FN þ TN þ FP
2  Recall  Precision
F  factor ¼
Recall þ Precision
Recall ¼

where, TP (true positives) = Number of KOPs accurately
classiﬁed as operon pairs by the model.
FN (false negatives) = Number of KOPs falsely classiﬁed as non-operon pairs by the model.
FP (false positives) = Number of NOPs falsely classiﬁed as operon pairs.
TN (true negatives) = Number of NOPs accurately
classiﬁed as non-operon pairs.
Recall quantiﬁes the sensitivity of the model—how
many KOPs can be predicted as operon pairs by the model
and precision quantiﬁes the speciﬁcity of the model—how
many of the operon pairs predicted from the training
set (KOPs and NOPs) are KOPs. F-factor combines
the two metrics to quantify the overall performance of
the model. The F-factor can range from 0 to 1 with
1 corresponding to an ideal classiﬁer.
K-fold cross-validation. A stratiﬁed 5-fold cross-validation
procedure was implemented to compare the performance
of classiﬁers with diﬀerent features. In this procedure, the
training set was randomly divided into ﬁve subsets, where
each subset was stratiﬁed such that it contains the same
proportion of KOPs and NOPs as the original training set.
Four subsets were used for training the model which was
then used to assign a score (s) to every gene pair in the
5th test subset. The procedure was repeated ﬁve times.
This 5-fold cross-validation was performed ﬁve times
(5  5) and the true class of the gene pairs in each of the
25 test subsets and their scores were then used to generate
receiver operating characteristics (ROC) graphs. An ROC
curve is a plot of recall as a function of FPR. Using the
test subsets, 25 ROC graphs were generated for each
classiﬁer. Instead of merging the 25 ROC graphs to one
large set and calculating a single ROC curve for each
classiﬁer, we used the vertical averaging procedure
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described by Fawcett (30). This procedure combines the
25 ROC graphs to estimate the average recall and its
standard deviation (SD) at diﬀerent FPRs. Brieﬂy, for
a ﬁxed value of FPR, each of the 25 ROC graphs
are scanned and the maximum recall or true positive rate
at that FPR is chosen, using interpolation if necessary.
These values are used to compute the average recall and
draw conﬁdence intervals (SD) at the ﬁxed FPR.
The FPR can be increased from 0 to 1 in small step
sizes to get the average ROC curve. Area under ROC
curve (AUC) was used as a scalar measure for comparing
the performance of diﬀerent classiﬁers—the AUC for a
random classiﬁer is 0.5 and that of an ideal classiﬁer is 1.
RESULTS
Known operon pairs have shorter intergenic distance
As described in the Materials and Methods section, from
a set of known operons we obtained 149 known operons
pairs (KOPs) and 122 non-operon pairs (NOPs). The
density distribution of the intergenic distances in KOPs
and NOPs is shown in Figure 2. For KOPs, the
distribution has a sharp peak around intergenic distance
of 0 bp. Sixty-seven (45%) KOPs have an intergenic
distance less than 0 bp indicative of a translational overlap
between the genes. Fifty-seven of these gene pairs have an
overlap of 4 bp. Among them 35 have ATGA as the
overlapping sequence, where ATG corresponds to start
codon for the second gene and TGA is the stop codon for
the ﬁrst gene. The overlapping sequence in other 22 pairs
is GTGA. Since S. coelicolor has 72% GC content, GTG
is also a commonly observed translational start codon.
An overlap of 1 bp between the start and the stop codons
of adjacent genes was also observed among ﬁve of the
KOPs. In contrast, only six (5%) NOPs have an overlap in
the intergenic distance.
Although a short intergenic distance is a strong
indication of co-transcription, a signiﬁcant fraction of
genes in KOPs are separated by intermediate to large
intergenic distance. In the training set, 33 (22%) and 21
(14%) KOPs have an intergenic distance that is greater

than 50 and 100 bp, respectively. If only intergenic distance
is used for operon prediction based on this training set,
using a distance threshold of 50 bp, 116 (78%) KOPs can
be classiﬁed accurately. However, 19 (16%) NOPs will also
be falsely classiﬁed as being co-transcribed. If the threshold is increased to 100 bp, 128 (86%) KOPs can be
correctly classiﬁed with a large false positive rate of 32%.
Genes in known operons have greater expression correlation
Genes within an operon are likely to have a higher
similarity in their transcript levels compared to genes that
are not co-transcribed. Similarity of transcript proﬁles can
be measured using several metrics such as Euclidean
distance, cosine function and Pearson correlation coeﬃcient (r). Among these metrics, it has been previously
observed that Pearson correlation achieves the best
separation between KOPs and NOPs (13).
Temporal transcriptome data obtained from 206 cell
samples were divided into nine diﬀerent sets depending on
the experimental design, strains and culture conditions
used (Supplementary Table S1). For every KOP, the
Pearson correlation between the transcript levels of the
adjacent genes was calculated for each of the nine sets, and
the number of sets in which the correlation exceeds
0.7 was counted. The KOPs were divided into 10 groups
according to the number of sets (0,1,2,. . . 9) in which
transcript correlation exceeds 0.7. Figure 3a shows the
distribution of the KOPs in diﬀerent groups. Only one out
of 149 KOPs has transcript correlation r 4 0.7 in all the
nine sets. The error in measurement of transcript level
due to noise, may have contributed to the relatively low
correlation between genes in KOPs. The presence of
as yet-unidentiﬁed site for internal regulation (internal
promoter or transcription terminator), or diﬀerential
mRNA degradation could also potentially reduce the
similarity in transcript level of genes in a KOP.
Nonetheless, 58 (39%) KOPs have transcript correlation
r 4 0.7 in four or more sets. In contrast, only six (5%)
NOPs have transcript correlation r 4 0.7 in four or more
sets (Figure 3b). Further, 78 (64%) NOPs do not satisfy
the correlation threshold of 0.7 in any of the nine sets, in
contrast to only 18 (12%) KOPs. This separation between
KOPs and NOPs is evident even at higher correlation
thresholds. Thirty-two KOPs have transcript correlation
r 4 0.8 in four or more sets in contrast to only one NOP.
To conﬁrm that the higher Pearson correlation in
KOPs is not by chance, the correlation between the
transcript levels of genes in 20 000 randomly selected pairs
was also calculated for all the nine sets. Only 5% of
randomly selected gene pairs have r 4 0.7 in four or more
sets (Figure 3c). This indicates that the higher degree of
correlation between the transcript levels of genes in KOPs
can be used for operon prediction.
Transcription terminators

Figure 2. Density distribution of intergenic distance in KOPs and
NOPs. (continous line) KOPs; (dashed line) NOPs.

Using TransTerm which identiﬁes rho-independent transcription terminators, none of the KOPs were found to
have a transcription terminator predicted in the intergenic
region with a probability of 90% or higher. In contrast,
16 NOPs have a predicted transcription terminator with
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Figure 3. Comparison of Pearson correlation between transcript levels of adjacent genes in KOPs and NOPs. The microarray experiments were
divided into nine sets and correlation between transcript levels of adjacent genes in every pair was calculated for each set. The histogram of the
number of sets in which correlation exceeds 0.7 in (A) Known operon pairs (KOPs); (B) Non-operon pairs (NOPs); (C) Randomly selected pairs.

90% or greater likelihood, of which nine have a
probability greater than 99%. Thus, the probability of
presence of a transcription terminator in the intergenic
region of gene pairs can also be used as a discriminatory
feature for operon prediction.
Binary classification results
Using SVMs as a supervised classiﬁcation tool, binary
classiﬁers were designed to discriminate KOPs and NOPs
using diﬀerent combinations of features. As described in
the Materials and Methods section, leave-one-out and
k-fold cross-validation was used for evaluation and
selection of the best classiﬁer.
Leave-one-out cross-validation results. The performance
of diﬀerent classiﬁers is shown in Table 1. If only
intergenic distance is used for classiﬁcation of training
set (classiﬁer I), 82% of KOPs can be accurately classiﬁed
as operon pairs with a precision of 86%. However, 16% of
NOPs are misclassiﬁed as operon pairs. Discretization
of distance (classiﬁers II and III) results in a small
reduction in recall (78%) with comparable precision and
false positive rates (FPR). If only transcriptome data is
used for classiﬁcation, a radial SVM model (classiﬁer V)
with recall and precision of 80 and 82%, respectively,
performs marginally better than linear SVM model
(classiﬁer IV). However, with an F-factor of 0.838 the

performance of distance-based classiﬁer I is slightly
better than the transcriptome-based classiﬁer V
(F-factor = 0.810). Terminator predictions alone can
diﬀerentiate only 16 (13%) NOPs due to the presence of
a predicted terminator site in their intergenic region.
However, the remaining 87% NOPs cannot be diﬀerentiated from KOPs resulting in a large FPR (classiﬁer VI
in Table 1).
When intergenic distance and transcriptome data are
combined, the performance of the linear (classiﬁer VII) as
well as the radial SVM classiﬁer (classiﬁer VIII) improves
signiﬁcantly with recall and precision of 90 and 88%,
respectively. With an F-factor of 0.89, the classiﬁers VII
and VIII that combine transcriptome data with intergenic
distance are better than any of the classiﬁers that use only
one feature (classiﬁer I–VI). The radial model based on all
the three features (classiﬁer X) has a marginal improvement in recall (92%) and precision (89%) compared to
classiﬁer VII and VIII. Among the various combinations
of feature sets and kernel functions, the radial classiﬁer
X has the highest recall and precision (Table 1).
Increasing transcriptome data improves prediction
accuracy. The performance of a classiﬁer based on
transcriptome data is profoundly aﬀected by the diversity
of experimental conditions under which microarray
experiments are performed. To demonstrate this, we
trained an SVM classiﬁer based on transcriptome data
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Table 1. Comparison of diﬀerent classiﬁers using leave-one-out cross-validation
Classiﬁer

Kernel function

Feature(s)

Recall
(%)

Precision
(%)

Total error
rate (%)

False positive
rate (%)

F-factor

I
II
III
IV
V
VI
VII
VIII
IX
X

Radial
Linear
Radial
Linear
Radial
Linear
Linear
Radial
Linear
Radial

Distance
Distance (discretized)

82
78
78
78
80
100
90
90
90
92

86
86
86
82
82
58
88
88
88
89

17
19
19
22
21
39
12
12
12
11

16
16
16
21
21
87
15
15
15
14

0.838
0.817
0.817
0.798
0.810
0.734
0.890
0.890
0.887
0.904

( = 0.01)
( = 0.0025)

Transcriptome
( = 0.02)
Terminator prediction
Distance and transcriptome
( = 0.25)
Distance, transcriptome and terminator prediction
( = 0.25)

K-fold cross-validation results. In order to compare
diﬀerent feature sets and their combinations, a 5-fold
cross-validation (see Materials and Methods section)
was performed on classiﬁers I (intergenic distance), V
(transcriptome data), VIII (intergenic distance and transcriptome data) and X (all features). Since the classiﬁer VI
based on terminator predictions alone has a large FPR,
we did not include it in this comparative study.
ROC graphs were generated for each classiﬁer, as
described in the Materials and Methods section. As shown
in Figure 4, the classiﬁer V based on transcriptome data
results in signiﬁcant improvement compared to a random
classiﬁer (depicted by a diagonal 458 line). Sixty percent of
KOPs can be accurately classiﬁed with a FPR of 10%
indicating that correlation between transcript proﬁles of
adjacent genes can indeed be used for operon prediction.
The radial SVM classiﬁer I based on intergenic distance
alone has similar recall and FPR as classiﬁer V based on
transcriptome data. Combination of these two features
in classiﬁer VIII results in a sharp increase in recall. At
a FPR of 10% it can classify 75% of KOPs compared to
60% by classiﬁer I. Addition of terminator predictions
to intergenic distance and transcriptome data results in
a small but noticeable improvement in classiﬁcation
accuracy (classiﬁer X).
A comparison of the AUC of the four classiﬁers is
shown in Table 2. With an AUC of 0.81, there is no
signiﬁcant diﬀerence between the distance-based classiﬁer
I and the transcriptome-based classiﬁer V (P-value = 0.65,
Wilcoxon signed rank test). Discretization of intergenic
distance did not result in any decrease or increase in the
AUC (data not shown). The radial SVM classiﬁer VIII
combining intergenic distance and transcriptome data has
an AUC of 0.89, which is signiﬁcantly greater than the
AUC of distance-based classiﬁer I (P-value = 1.1  104).
The radial classiﬁer X combining all the three features has
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from the time course experiment of M145 wild type in R5
liquid medium only (set 1 in Supplementary Table S1).
The classiﬁer has a recall and precision of 60 and 71%,
respectively. In contrast, the radial classiﬁer (classiﬁer V)
based on all transcriptome data, has a signiﬁcantly higher
recall and prediction of 80 and 82%, respectively. Thus,
addition of microarray experiments performed with
diﬀerent strains and culture conditions can improve the
accuracy of operon predictions signiﬁcantly.
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Figure 4. Comparison of diﬀerent classiﬁers by ROC curve. False
positive rate is the percentage of non-operon pairs (NOPs) misclassiﬁed
as operon pairs and recall is the percentage of known operon pairs
(KOPs) correctly classiﬁed as operon pairs. The ROC curves were
generated for each classiﬁer by a 5-fold cross-validation as described in
the text. (Open circle) classiﬁer I; (Inverted triangle) classiﬁer V; (Open
triangle) classiﬁer VIII; (Open square) classiﬁer X.

the largest AUC of 0.91 and is marginally better than
classiﬁer VIII (P-value = 6.7  103).
The radial SVM classiﬁer X was used to assign a score
(s) to every gene pair in the training set. A positive score
suggests a high likelihood that the adjacent genes are
co-transcribed. At a score threshold of zero, 140 (94%)
KOPs with a positive score were correctly classiﬁed. These
140 KOPs were divided into groups according to diﬀerent
range of scores, corresponding to increasing level of
conﬁdence—Group 1 (0  s51), Group 2 (1 4 s51.2)
and Group 3 (s 5 1.2). Among the positive-scoring KOPs,
37, 51, and 52 fall into the three groups, respectively.
At higher score threshold in group 3, almost all the KOPs
have transcript correlation r 4 0.7 in at least one set of
transcriptome data. Further, 32 (62%) gene pairs in group
3 have r 4 0.7 in four or more sets. However the transcript
correlation between adjacent genes reduces at lower scores
in group 1 and group 2. Only seven (19%) of the 37 gene
pairs in group 1 have correlation r 4 0.7 in four or more
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Table 2. Comparison of diﬀerent classiﬁers by 5-fold cross-validation. The null hypothesis was tested by comparing the AUC of the 25 ROC
graphs for each classiﬁer by Wilcoxon signed rank test
Classiﬁer

Feature(s)

Average AUC

P-value

Null hypothesis

I
V
VIII
X

Distance
Transcriptome
Distance and transcriptome
Distance, transcriptome and terminator prediction

0.81
0.81
0.89
0.91

–
6.5  101
1.1  104
1.2  105
6.7  103

AUCV  AUCI = 0
AUCVIII  AUCI = 0
AUCX  AUCI = 0
AUCX  AUCVIII = 0

sets. Thus, the score of a KOP reﬂects the degree of
correlation between the transcript levels of adjacent
genes—higher score indicative of a stronger correlation.
We also examined whether the extent of perturbation of
a gene is important for determining its operon status.
Using Shannon entropy of the expression level of a gene
across all the microarray experiments as a measure of
its perturbation, we found that the average entropy of
a pair of genes in group 3 is greater than that in
group 1 (P-value = 0.04, Kolmogorov–Smirnov test).
This suggests that the operon status of adjacent genes
with a higher degree of temporal variation in their
transcript proﬁles can, in many cases, be determined
with greater conﬁdence.
Identification of transcription units
Prediction of an entire transcription unit requires identiﬁcation of intracistron genes as well as the genes at the
cistron boundary. The genes in a pair with negative score
have a low probability of co-transcription and are hence
likely to have a cistron boundary between them. To
examine the accuracy of our model to predict complete
operons, we compared our classiﬁcation results with
known operons in the training set. Twenty-three known
operons are dicistronic. All of them have a positive
score indicating that they were successfully identiﬁed.
Moreover, for all these 23 dicistrons, the identiﬁed cistron
size is two, implying that the cistron boundaries were
identiﬁed correctly.
Since many operons have more than two genes, it is
important to identify adjacent gene pairs that are
expressed as one transcription unit. Thirty-one known
operons have more than two genes. Of these 9, 15, 2 and
5 operons have 3, 4, 5 and 6 or more genes, respectively.
We examined adjacent KOPs and grouped them into
operons if their score was greater than zero. Nineteen of
those identiﬁed polycistrons have the same number of
genes as that of the known operon, indicating that all the
internal gene pairs as well as the cistron boundaries
were correctly identiﬁed. Among these 19 operons, 5, 11, 1
and 2 have 3, 4, 5 and 6 or more genes, respectively.
Interestingly, among the 31 operons with more than two
genes, four have a larger number of genes than the size
that has been reported suggesting that additional genes
at the cistron boundaries are potentially co-transcribed.
As will be described in the experimental veriﬁcation
section, the prediction of those additional genes was
veriﬁed for three operons by RT-PCR.

For eight of the known operons that have been reported
to have more than two genes, the identiﬁed cistron size
was less than the number of genes reported. They were
incorrectly predicted as each consisting of two transcription units because one of the internal KOPs has a negative
score. Supplementary Table S2 provides a list of the
known operons along with the accuracy of our model to
identify them.
Operons with internal regulation
The prediction of operons with internal control elements
such as internal promoters, transcription factor binding
sites and transcription terminators is a challenging task
(4,31). In the training set, nine known operons have been
suggested to have internal regulation. Among these,
four operons, litQR (32), rsbB-rsbA-sigB (33,34),
trpCXBA (35), ushY-ushX-sigH (36–38), have internal
promoters. Additionally, the rspO-pnp operon has an
intergenic transcription terminator (39,40). Another dicistronic operon SCO3661-SCO3660 is induced by heat
shock although constitutive expression of SCO3660 has
also been observed (41). The galTEK galactose operon
and the recAX operon involved in SOS response have
been characterized in S. lividans. The galactose operon
has two promoters, one upstream of galT, which is
induced by galactose and another upstream of galE that
is constitutively expressed (42). In the recAX operon,
the recA gene is expressed constitutively at a basal
level whereas recA-recX transcript is observed in response
to DNA damage (43). The rpsL-rpsG-fus-tuf1 operon
has an internal promoter upstream of tuf1 gene in
S. ramocissimus. However, this promoter sequence is
highly conserved among various Streptomyces spp.
including S. coelicolor suggesting the possibility of a
common regulatory mechanism (44,45).
The transcript level of the genes in these operons may
not be correlated due to internal regulation. We examined
the features of the adjacent genes in these operons.
In particular, for each of these operons, we examined
the transcript correlation and intergenic distance of the
pair of genes on either side of the internal regulation site.
In three of these nine operons, the gene pair ﬂanking the
regulation site has correlation r50.7 in all the nine sets of
transcriptome data. A notable exception is the genes in
the dicistron, rpsO-pnp, which are strongly correlated
(r 4 0.7) in two of the nine sets of transcriptome data
despite a recent report that identiﬁed the presence of
an intergenic stem-loop structure, which acts as a site
for RNase III processing and cleavage (40). Also,
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the rsbA-sigB gene pair in rsbB-rsbA-sigB operon has
transcript correlation r 4 0.7 in two sets, although a
developmentally regulated internal promoter has been
reported in the rsbA-sigB intergenic region (33,34).
Interestingly, six of these nine gene pairs have a large
intergenic distance (d 4 150 bp). Adjacent genes in the
same operon are rarely separated by intergenic distance
exceeding 200 bp (3,46). Therefore, a high degree of
transcript correlation, orthology or functional similarity
or combination of all these features is essential to predict
the presence of a read-through transcript across these gene
pairs. In only two of the nine operons, galTEK and
trpCXBA, the gene with an upstream internal promoter is
separated from its upstream neighboring gene by short
intergenic distance (d525 bp).

Table 3. Distribution of scores of same-strand gene pairs with
unknown operon status
Score

Number of
gene pairs

Number of pairs
with r 4 0.7a
in at least 1 set

Number of pairs
with short intergenic
distance (d525 bp)

s51
1 4 s50
0 4 s51
1 4 s51.2
s 5 1.2
Total

1452
1352
1369
301
342
4816

161 (11%)
597 (44%)
658 (48%)
230 (76%)
329 (96%)
1975

3 (51%)
123 (9%)
1074 (78%)
264 (88%)
307 (90%)
1771

a
r is correlation between transcript proﬁles of the adjacent genes in a
same-strand pair

Using a combination of transcriptome data obtained from
several strains and culture conditions, and other features
from the genome sequence, the SVM model was successful
in classifying 94% of KOPs at a score threshold of zero.
None of the features could achieve such a high degree of
accuracy when used alone. We therefore used the SVM
classiﬁer with all the features for predicting the operon
status of all same-strand pairs in S. coelicolor genome.

same-strand pairs in the genome are available in
Supplementary Table S4.
Among the 4816 same-strand pairs, 1452 pairs have
score less than 1. The transcript correlations among
these 1452 gene pairs are signiﬁcantly lower than the gene
pairs with positive score, as shown in Table 3. Further,
5 1% of these 1452 pairs have short intergenic distance
(d525 bp). Thus, the likelihood that adjacent genes in
these pairs are co-transcribed is low; in other words,
a cistron boundary is likely to exist in the intergenic region
of those gene pairs.

Overall analysis. The entire genome was arranged into
4965 pairs of genes in the same orientation (same-strand
pairs) and 2859 pairs of genes in opposite orientation.
Excluding the 149 KOPs, the 4816 same-strand gene pairs
were further analyzed for co-transcription. The features,
intergenic distance, correlation of transcript proﬁles
and the likelihood of a transcription terminator were
calculated for everyone of those pairs. TransTerm was
used for prediction of transcription terminators (22).
Among the 2498 transcription terminators predicted in
S. coelicolor genome, only 169 in the intergenic region of
same-strand pairs with probabilities greater than 0.9 were
retained.
The radial SVM classiﬁer X was used to identify the
same-strand gene pairs that have a high likelihood of
co-transcription. Based on the features, the classiﬁer
predicts a score for every gene pair. The score distribution
of these gene pairs is shown in Table 3. A total of 2012 of
the 4816 same-strand pairs with unknown operon status
have a positive score suggesting a high probability of
co-transcription. Among these, 1369, 301 and 342 gene
pairs fall into groups 1 (0 5 s 5 1), 2 (1 4 s51.2) and 3
(s 5 1.2), respectively. Both transcript correlation and
intergenic distance play an important role in predicting a
positive score for these gene pairs. At higher threshold in
group 3, almost all the gene pairs have a transcript
correlation r 4 0.7 in at least 1 set, and 173 (51%) have
r 4 0.7 in four or more sets. As expected, the transcript
correlations are somewhat lower among the gene pairs in
group 1 and group 2 with lower scores (Table 3).
Moreover, the percentage of gene pairs with short
intergenic distance (d525 bp) is higher in group 3
compared to group 1. Operon predictions for all the

Functional analysis. Genes involved in the same biochemical pathway/function tend to cluster together in prokaryotic genomes (47,48), and are regulated similarly
at transcription level. We therefore performed functional
analysis to test if the genes in same-strand pairs with
high score are functionally related. The protein
classiﬁcation scheme originally described by Monica
Riley (49), and subsequently adapted for S. coelicolor
was used (http://www.sanger.ac.uk/Projects/S_coelicolor/
scheme.shtml). Among the 7825 genes in the genome, 2371
(30.3%) encode hypothetical proteins without any known
function and an additional 565 (7.2%) genes have putative
assignments and do not belong to any functional class.
Similarly, 3264 (41.7%) genes are not categorized in any
of the Gene Ontology classes. Thus, 4889 (62.5%) genes
were assigned to 175 functional classes according to
the scheme of Monica Riley (49).
Among the 149 KOPs in the training set, the adjacent
genes in 121 pairs are functionally annotated. Ninety-two
(76%) of these 121 pairs of adjacent genes belong to the
same functional class. In contrast, out of the 72 NOPs in
which both genes are annotated, only eight (11%) share
the same functional class. We examined the functional
relatedness of genes in same-strand pairs grouped according to their scores. At higher score threshold in group 3,
the genes in 67% of the pairs belong to the same
functional class. However, the functional similarity
between adjacent genes decreases at lower score thresholds
in group 1 and 2, as shown in Table 4. This trend of
decreasing functional similarity is more vivid when we
examine gene pairs with negative score. Only 106 (18%)
pairs of adjacent genes with score less than 1 share the
same functional class. This sharp diﬀerence in functional
similarity of gene pairs with positive and negative score

Operon predictions for entire genome
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Table 4. Functional analysis of same-strand gene pairs

Table 5. RT-PCR based veriﬁcation of co-transcription of gene pairs

Score

Number of
gene pairs

Number of
annotated
gene pairs

Number of pairs
in same functional
class

Score

Number of
gene pairs
tested

Number of
gene pairs
veriﬁed

Range of
intergenic
distance (bp)

s51
1 4 s50
0 4 s51
1 4 s51.2
s 5 1.2

1452
1352
1369
301
342

605
521
667
169
206

106
117
317
100
137

s 5 1.2
1 4 s51.2
0 4 s51

163
91
114

122 (75%)
61 (67%)
67 (59%)

32 to 131
8 to 178
13 to 178

(18%)
(22%)
(48%)
(59%)
(67%)

Figure 5. Experimental veriﬁcation of co-transcription of adjacent
genes by RT-PCR. RNA isolation and RT-PCR was performed as
described in the Materials and Methods section. Primers were used
to amplify across adjacent genes and the products were analyzed
by gel electrophoresis. The expected size of the amplicons in bp is:
SCO1866-1867—1035; SCO1920-1921—1637; SCO1922-1923—885;
SCO1935-1936—2298; SCO1936-1937—1633; SCO1945-1946—1659;
SCO1946-1947—1353; SCO1949-1950—964; SCO1968-1969—1426;
SCO2049-2050—980; SCO5737-5738—1615. For every gene pair, a
negative control (No RT) in which the RT enzyme was not added was
also performed. The negative control is shown next to each RT
reaction.

is consistent with our operon predictions. Among the
functional classes shared by pairs of adjacent genes with
positive score, the most abundant classes are summarized
in Supplementary Table S3. The class of transport/binding
proteins is the most abundant followed by the genes
involved in secondary metabolism and its subclass
polyketide synthases (PKS).
Experimental verification
To conﬁrm the co-transcription of predicted gene pairs,
RT-PCR was performed on some pairs using primers
that amplify across their intergenic region. To allow for
a large number of primer sets to be used readily,
we employed the primers previously used for construction
of whole-genome S. coelicolor microarray. Based on the
success rate of ampliﬁcation in preliminary RT-PCR
experiments, the veriﬁcation was limited to only those
gene pairs whose amplicon size was no larger than 2.5 kb.
This list of gene pairs was further constrained by
considering only those whose transcript proﬁles have a
correlation r 4 0.7 in at least one of the nine sets. With
those criteria 114, 91 and 163 gene pairs in group 1
(0 4 s51), 2 (1 4 s51.2) and 3 (s 5 1.2), respectively
were selected for veriﬁcation. A number of examples of
gene pairs veriﬁed by RT-PCR are shown in Figure 5.
Overall 250 (68%) of the 368 gene pairs tested were
veriﬁed to be on the same operon. The distribution of gene

pairs according to diﬀerent range of scores is listed in
Table 5. At lower scores in group 1, a transcript was
detected in 59% of the gene pairs tested. The percentage of
gene pairs veriﬁed to be on the same operon increases to
67 and 75 at higher scores in groups 2 and 3, respectively.
The range of intergenic distance of the gene pairs that
were veriﬁed by RT-PCR is also shown in Table 5. A total
of 106 (87%) of the 122 veriﬁed pairs with s 5 1.2 have
short intergenic distance (d525 bp). At lower threshold
of s 5 1.2, 13 of the 128 veriﬁed pairs have intergenic
distance exceeding 100 bp.
It is possible that some of the tested gene pairs that were
not positively veriﬁed to be on the same operon are false
positive predictions. However, a conclusion on those gene
pairs cannot be drawn easily. The sample RNA used for
RT-PCR was pooled from wild-type M145 cells at
diﬀerent culture stages. In contrast, the transcript proﬁles
were obtained also from diﬀerent mutants across a range
of culture conditions. It is also possible that some of the
tested operons were not transcribed in any of the cell
samples collected. A complete list of all the gene pairs
tested is available in Supplementary Table S5.
Verification of false negative predictions. From the results
of binary classiﬁcation, 6% of the KOPs have a negative
score suggesting that the SVM model did not accurately
classify them to be on the same operon. Also the 92%
recall of SVM classiﬁer X (Table 1) indicates that the
model will misclassify 8% of the KOPs. Therefore, it is
likely that some of the 2804 same-strand gene pairs with
s50 are in fact co-transcribed. To identify some of these
gene pairs, we compared the scores of these 2804 gene
pairs with the operon predictions of Price et al. (4). The
authors used a Bayesian approach with features derived
from the genome sequence to predict the probability
(pOp) that two adjacent genes in S. coelicolor are in the
same operon. We performed RT-PCR on a restricted
subset of 60 gene pairs which have s50 and pOp 4 0.6.
A PCR product was observed in 16 of these gene pairs.
A closer examination of their transcript proﬁles revealed
that 10 of these 16 pairs have correlation r50.7 in all the
nine sets of transcriptome data and only two pairs have
r 4 0.7 in more than one set. The weak correlation
between transcript levels in these pairs is a potential
cause for their misclassiﬁcation by our model.
Extension of boundaries of known operons. In our
analysis, we sought to identify groups of adjacent genes
that are expressed as a single transcription unit. When we
grouped consecutive gene pairs in the training set with
score greater than zero, we observed in four cases that the
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Table 6. Extension of cistron boundary of known operons
No.

Known operon

Known size

Predicted operon

Gene pairs veriﬁed by RT-PCR

Reference

1
2
3

SCO5736-5737 (rspO-pnp) (Protein synthesis)
SCO2050-2054 (hisAHBCD) (Histidine biosynthesis)
SCO5583-5585 (amtB-glnK-glnD) (Nitrogen metabolism)

2
5
3

SCO5737-5740
SCO2048-2054
SCO5583-5586

SCO5737-5738, SCO5739-5740
SCO2049-2050
SCO5585-5586

(39,40)
(67,68)
(69)

identiﬁed polycistron size was greater than the size of the
known operon. This indicates that additional gene pairs at
cistron boundaries with positive score were predicted
to be co-transcribed. One of these is the rspO-pnp
(SCO5736–5737) dicistron (39,40). The transcript proﬁle
of SCO5738, encoding a putative protease downstream
of this operon is strongly correlated with SCO5737.
Moreover, the gene pair, SCO5737–5738, has a high
score of 1.1. We veriﬁed the presence of a transcript across
their intergenic region indicating that the operon has more
than two genes (Figure 5). Further, the two downstream
genes SCO5739 and SCO5740 encoding putative
dihydrodipicolinate reductase and putative membrane
protein, respectively are strongly correlated with
SCO5738 and both the genes are predicted to be part of
the same operon. We have also veriﬁed the co-transcription of the genes SCO5739 and SCO5740 by RT-PCR.
Table 6 lists examples of two other operons for which
pairs of adjacent genes at cistron boundaries with positive
score were veriﬁed to be on the same operon. It is
important to note that the reports characterizing these
operons did not exclude the possibility of additional
adjacent genes being part of the same transcription unit.
By deﬁnition, the gene pairs at these cistron boundaries
were used as NOPs in the training set and they were
consistently classiﬁed as false positives due to their
positive scores. We have shown that the genes in these
pairs are indeed co-transcribed in agreement with our
predictions. Hence the leave-one-out false positive rate
(FPR) from our predictions is likely to be lower than 14%.
DISCUSSION
Operon is the unit of transcriptional regulation in
prokaryotes. Identifying operon structure in a genome is
important to the study of gene expression regulation. The
estimation of transcript level of a gene using microarrays
can also be improved by using information about the
transcriptional activity of the genes that are co-transcribed
with it. This can also translate into an improvement
in identiﬁcation of diﬀerentially expressed genes (50).
In our study of S. coelicolor A3(2) and disruption mutants
of regulatory genes, we have compiled a series of time
proﬁles of transcriptome data. Such dynamic transcriptome proﬁles can be valuable in elucidating operon
structure. Combining with transcriptome data on several
S. coelicolor strains and culture conditions from two other
studies (18,21), the dynamic behavior of adjacent genes in
the genome were used to assess the likelihood of their
being in the same operon. In principle, the expression
proﬁles of genes on the same operon should be well

correlated, at least under conditions of no alternative
regulation. However, in reality transcriptome data are
often riddled with noise especially when the transcription
level is low, rendering microarray assay insensitive to
dynamic changes. In our analysis, we thus incorporated
other features characteristic of genes in the same operon.
Dependence of transcript dynamics for operon prediction
An essential condition for accurate calculation of correlation between genes is that they are expressed above noise
level and exhibit suﬃcient dynamics across diﬀerent
experiments (5,51). Among the KOPs in the training set,
gene pairs which have a higher score tend to exhibit more
dynamics in their temporal transcript proﬁles. Consistent
with this notion the Shannon entropy, a measure of
transcript variation, of same-strand pairs with high
score (s 5 1.2) was found to be greater than that
of same-strand pairs with score in the range 0 4 s51
(P-value = 1.3  1073, Kolmogorov–Smirnov test).
The operon predictions improve signiﬁcantly when
transcriptome data from diverse experimental conditions
are incorporated in the model. Using transcript proﬁles
from only M145 strain in modiﬁed R5 medium, merely
60% of the KOPs could be accurately classiﬁed with a
high FPR of 35%. This study thus included temporal
transcriptome data from several S. coelicolor strains under
very diﬀerent culture conditions and from diﬀerent
sources including ours. Using all those transcriptome
data (Supplementary Table S1), 80% of the KOPs could
be classiﬁed at a considerably lower FPR of 21%.
Moreover, the performance of the transcriptome-based
classiﬁer was comparable to the intergenic distance-based
classiﬁer (Figure 4). As more transcriptome data become
available in the future, especially when conditions under
which data are acquired increase, the classiﬁcation
framework can be used to further expand the repertoire
of operons identiﬁed.
Other features
Intergenic distance feature. The intergenic distance
between two adjacent genes in an operon is shorter on
an average compared to that of same-strand pairs, which
are not in the same operon. This feature was ﬁrst used for
operon prediction in E. coli (2,52). Several studies have
subsequently showed that intergenic distance can be
eﬀectively used for operon prediction in other prokaryotes
(4,8), for which the genome sequence is available. Using a
log-likelihood function based on intergenic distance
distribution, 75% of transcription units in E. coli could
be predicted (2). It has been reported that operon
predictions using intergenic distance has the highest
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Table 7. Size of the predicted transcription units
Cistron
size

Number of
cistrons

Number of cistrons
with s 4 1 in all
gene pairs

Number of cistrons
with s 4 1.2 in
all gene pairs

1
2
3
4
5
45

4386
839
235
111
46
47

–
203
33
17
5
2

–
85
13
6
3
0

recall and lowest FPR among the various features derived
from genome sequence including codon usage, promoter
predictions and terminator predictions (14). In this study
using intergenic distance a FPR of 20% was seen at a
recall of 80% (Figure 4). However, the FPR increased
sharply to 35% as recall increased to 85%, indicating that
intergenic distance cannot alone be used to achieve high
recall at acceptable error rates.
Transcription terminator feature. Transcripts of operons,
particularly those without any internal regulation, are
likely to terminate at a single transcription terminator.
Therefore, the likelihood of a terminator in the intergenic
region of intra-operonic genes is low. Several studies have
used this feature for operon prediction in prokaryotes
(7,10,14,31). Due to the highly degenerate nature of the
binding site of Rho-factor (called ‘rut’ site) (53), identiﬁcation of rho-dependent terminator site is diﬃcult. Most
terminator prediction algorithms identify rho-independent
transcription terminators, which have a characteristic
hairpin structure (22,54–56). Among the same-strand
pairs in the S. coelicolor genome, 5 5% have high
conﬁdence (probability 4 0.9) terminator predictions in
their intergenic region. Hence this feature cannot be
used to infer the operon status of a large fraction of the
same-strand pairs.
Prediction of transcription units
In this study, every same-strand gene pair was assigned
a score, and a score threshold of zero was used to
group consecutive gene pairs into operons. A total of 5664
transcription units were predicted of which 1278 are
polycistronic with two or more genes. The predicted
operon assignment of every gene is given in
Supplementary Table S6. The distribution of cistrons of
diﬀerent sizes is summarized in Table 7.
Large operons. Among the polycistrons, 47 (3.7%) have
more than ﬁve genes of which 11 cistrons have 10 or more
genes. This includes a large 27.5 kb, 21 gene operon
SCO0381–SCO0401 comprising a secondary metabolite
gene cluster. The genes in this operon encode deoxysugar
synthases involved in the synthesis of an unknown
secondary metabolite. Eight of the 20 gene pairs in this
operon have s 5 1.2 implying strong predictions of
co-transcription of these genes. Another 16.5 kb long, 15
gene operon SCO3235–SCO3249 encodes for genes
involved in the synthesis of calcium-dependent antibiotic

(CDA)—a peptide antibiotic synthesized by non-ribosomal peptide synthases. Due to strong correlation between
their transcript proﬁles, 6 of the 14 gene pairs in this
operon have scores greater than 1.2.
Operons with internal regulation. Organization of genes
into operons allows for an eﬃcient way of coordinated
response by the organism to environmental changes.
However, there might also be circumstances in which an
organism may need the product of the genes on an operon
diﬀerently, either stoichiometrically or temporally, than
the way they are normally prescribed. Thus, some
ﬂexibility to allow for an escape from the coordinated
expression in an operon is necessary in some cases.
A promoter or transcription terminator within an operon
allows for diﬀerential expression of genes in the same
operon. Among the known operons in the training set,
many have an internal regulation site in the intergenic
region of intra-operonic gene pairs. Several of these gene
pairs have wide intergenic spacing. Interestingly, wide
spacing between adjacent genes in operons has been
reported to indicate complex regulation (1). Based on
transcriptome data and prediction of transcription factor
binding sites and terminator sites, nearly 20% of operonic
genes in S. coelicolor are thought likely to be internally
regulated (45). The existence of internal regulation in a
same-strand gene pair may reduce the degree of correlation of their transcript proﬁles. A better prediction of
internal regulation will certainly improve the operon
predictions.
Further evidence of robustness—comparison of recently
identified operons
Since we conducted the operon predictions there have
been reports of polycistrons that were not included in our
training set. We compared our prediction with the reports
on those operons. This includes a ﬁve gene operon
nikABCDE involved in nickel transport (57), a dicistron
devA-devB (58), and class Ia and class II ribonucleotide
reductases (RNR) encoded by nrdABS and nrdRJ operons
(59). Seven of the eight gene pairs in these operons have
a positive score, of which six pairs have transcript
correction r 4 0.7 in at least two of the nine sets. Only
one gene pair—nrdB-nrdS has a negative score. Therefore,
the genes in these operons were nearly all correctly
predicted to be co-transcribed according to our methodology including one pair nrdR-nrdJ that is separated by a
large distance (168 bp).
Using operon predictions for functional annotations
Chromosomal proximity of adjacent genes in multiple
prokaryotic genomes and their co-transcription is often an
indication of their functional relatedness. The information
can be used to infer their functional annotation (47,48,60).
In this study, we observed an increasing trend of
functional similarity between pairs of adjacent genes
with increasing scores. A signiﬁcant number of pairs are
comprised of genes that do not share the same functional
class, many of which have a high score (s 5 1.2) and/or
have been veriﬁed by RT-PCR as being on the same
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operon. Of these, 113 pairs have only one gene functionally annotated, while the other gene is either hypothetical
or unclassiﬁed. The transcript proﬁles in almost all these
gene pairs are strongly correlated (r 4 0.7) in at least
one set of microarray data. Potential relatedness of the
physiological function may be inferred from the well
annotated neighboring gene. Details of these genes are
provided in Supplementary Table S7.
Comparison of operon predictions with earlier report
In this study we employed SVM as a classiﬁcation tool for
operon prediction. SVMs have been recently used to study
several classiﬁcation problems in bioinformatics (61–65).
These studies have demonstrated that SVM-based classiﬁers produce results that are better than or at least as good
as those obtained by other supervised methods, as the
classiﬁcation models that they generate tend to better
generalize on unseen instances (i.e. instances that were not
used during training).
Other methods have also been used successfully for
operon prediction. A Bayesian approach was used to
predict operons in all sequenced prokaryotes including
S. coelicolor (4). The method relies on features based on
genome sequence alone and uses intergenic distance,
conservation of gene clusters across diﬀerent organisms,
codon usage and functional similarity to predict a
probability (pOp) that two adjacent genes with the same
orientation are co-transcribed. The authors used
S. coelicolor genome annotation from The Institute of
Genomic Research (TIGR), whereas the primary annotation from Sanger Institute (http://streptomyces.org.uk/)
was used for this study. Out of 4965 same-strand pairs,
4549 pairs can be compared with their predictions.
A 5-fold cross-validation of the training set was used
to compare the two methods. A reduced training set of
139 KOPs and 58 NOPs for which operon predictions
were available from both studies was used for crossvalidation. A comparison of the vertically averaged
ROC curves is shown in Supplementary Figure S1. The
diﬀerence between the predictions from the two methods
is most evident at recall 470%, where the FPR from our
method is signiﬁcantly less than the FPR from the
predictions of Price and co-workers. Consequently, the
AUC for our SVM classiﬁer is greater than the latter study
(P-value = 5.2  104, Wilcoxon signed rank test).
However, it is important to note that the size of training
set used in this comparison is smaller than the total
number of KOPs and NOPs used for comparison of
diﬀerent SVM classiﬁers described earlier. For small
sample sizes, the estimate of error obtained from crossvalidation (leave-one-out as well as k-fold) can be highly
variable. Classiﬁers based on small sample sizes are
particularly vulnerable to situations where the perturbation introduced by k-fold partitioning results in an
unstable classiﬁer—a classiﬁer with unreliable accuracy
estimates (29,66).
We also compared the predictions of the two methods
on all the same-strand gene pairs in the genome. Using a
threshold of 0 and 0.5 for score and pOp, respectively,
3730 of the 4410 same-strand pairs with unknown operon

status have the same predictions. The gene pairs for which
the predictions of the two methods do not match include
125 pairs, which have s 4 0.5 and pOp 5 0.4. Adjacent
genes in these pairs are predicted to be co-transcribed by
our SVM model but not the Bayesian approach. More
than 70% of these gene pairs have a transcript correlation
r 4 0.7 in at least two of the nine sets of microarray data
suggesting that our method emphasizes expression correlation to predict the likelihood of co-transcription. On the
other hand, 151 gene pairs have s50.5 and pOp 4 0.6
indicating that these pairs were predicted to be
co-transcribed by the Bayesian model but not by our
SVM model. Among these pairs, 68% do not have a
transcript correlation r 4 0.7 in any of the nine sets and
only 7% have correlation r 4 0.7 in two or more sets.
These results suggest that the information based on
similarity of transcript proﬁles of adjacent genes plays
an important role in our model predictions and thereby
enhances the performance of operon prediction models
that rely on genome sequence-based features alone.
CONCLUSIONS
Streptomyces coelicolor has a rich genome that encodes
more genes than even the eukaryote, Saccharomyces
cerevisiae. Its versatility to undergo diﬀerentiation with a
complex life cycle and produce secondary metabolites
after the cessation of growth is reﬂected in its highly
dynamic temporal transcriptome proﬁle. A large number
of genes on the genome are not well annotated, with many
annotated as involved in, or hypothesized to be involved
in, regulation. A better understanding of its operon
structure will be valuable in gene annotation and largescale gene expression studies for elucidating its regulatory
networks that control diﬀerentiation and antibiotics
production. In this study, we used a SVM-based
supervised classiﬁcation approach to predict operon
structure for this organism. In the past few years the
transcriptome data of this organism has become a
valuable resource for gaining physiological insights. The
use of time series transcriptome data enhanced the
predictive capability of the classiﬁer that employed
genome sequence-based features including intergenic
distance and transcription terminator predictions. The
experimental veriﬁcation of a large set of those predicted
by the classiﬁer further demonstrates the utility of the
method. As more transcriptome data become available
and the conditions under which they are obtained
diversify, the framework established in this study will
also become more versatile in further enhancing the
operon predictions.
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