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(Abstract)  

Accurate genome annotations are essential in modern biology and biotechnology, yet 

they are still largely based on genome sequencing and comparative analyses. We show 

that the Clostridium acetobutylicum genome annotation can be markedly improved by 

integrating bioinformatic predictions with RNA sequencing (RNAseq) data. Samples 

were acquired under butanol, butyrate, and unstressed treatments across various growth. 

Analysis of an initial assembly revealed errors due to background signals and limitations 

of assembly algorithms. Hurdles for RNAseq transcriptome mapping include optimizing 

library complexity and sequencing depth, yet most studies report low sequencing depth 

and ignore the effect of ribosomal RNA abundance. An integrative analysis was 

developed to combine motif predictions, single-nucleotide resolution sequencing depth, 

and library complexity to resolve difficulties in assembly curation. This minimized false 

positive error and determined gene boundaries, in some cases, to the exact basepair of 

prior studies. This is the first strand-specific transcriptome assembly in a Clostridium 

organism.  
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Introduction  

RNA sequencing (RNAseq) is a powerful method for microbial genomics, producing 

hundreds of millions of sequenced reads from RNA populations1,2 roughly proportional 

to expression levels3. Basepair level resolution of an entire transcriptome allows 

researchers to map transcript boundaries4 assemble full-length transcripts without 

reference genomes5, detect novel transcripts6, and abundant antisense regulation7. Use of 

this technique can improve genome annotations by organizing predicted open reading 

frames into experimentally verified transcriptional units (TUs) 8. However, there is 

considerable heterogeneity in the methodology and results from early transcriptome 

mapping studies in bacteria4,9-12. While guidelines for many second-generation 

sequencing applications in mice and human have been established 13-15, no such 

recommendations exist for prokaryotic projects. Additionally, differences in approaches 

employed in bacterial studies raise questions about experimental variables and analytical 

techniques, such as the appropriate sequencing depth for microbial transcriptomes11. 

 Several experimental factors affect the useful sequencing depth and limit the 

sensitivity of RNAseq to detect rare cDNAs from low abundance transcripts and 

transcript boundaries (e.g. transcription start sites (TSS)). First, most early transcriptome 

mapping studies in bacteria did not utilize strand-specific RNA sequencing techniques 
9,10,16-19.  Strand-specific RNAseq data are useful if not essential for mapping dense 

prokaryotic genomes8. Confirmation of open reading frame (ORF) predictions and 

transcriptional unit organization is difficult to determine without knowing the strand and 

orientation of an active genomic region. Additionally, antisense transcriptional regulators 

(i.e. cis-antisense small RNAs) are impossible to identify without strand specific 

information. Next, ribosomal RNA removal rates are highly variable in the literature and 

depend on genomic GC content 8,11,20,21. Many early studies have not reported the 

efficiency of rRNA removal 9,10,16,18; when these statistics have been described, as much 

as 92% of sequenced reads were ribosomal after a hybridization-based rRNA removal 
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strategy19. Moreover, many studies have unique alignment rates below 50% as a result 

sequencing errors and low library complexity. 

Sequencing depth is a critical issue 8,11,22-24 affecting the false positive (type I) and 

false negative (type II) error rates in the data. For example, one study reported that 40% 

of the ORFs were not completely covered by reads12, suggesting that additional 

sequencing/sensitivity was required to reduce the false negative error rate for transcript 

and TSS discovery24. On the other hand, while it has been shown that deep sequencing (> 

100M reads) is sufficiently sensitive to detect rare transcriptomic features14, sequencing 

to saturation may also detect spurious transcripts and low-level contaminants, increasing 

the false positive error rate. The appropriate sequencing depth depends on the level of 

sensitivity desired and the tolerance for false positive signals. Un-normalized depth alone 

is often used by researchers to estimate transcript boundaries 9,10,16-19, with no discussion 

of local biases in the depth signal25,26, limit of detection12, or background signals 11,27,28. 

False positive depth signal can occur from DNA contamination28, spurious 

transcription11,27, PCR over-amplification, and platform specific bias25,28. However, 

sequencing complexity is less prone to such artifacts at the depths used by most studies. 

The limit of detection for interesting transcripts also depends on library complexity and is 

more useful than sequencing depth for some objectives24. 

Transcriptome assembly algorithms can reconstruct full-length transcripts, even 

without a reference genome (de novo assembly). Ab initio assembly methods utilize a 

reference sequence to reproducibly generate transcript boundaries. A paired-end, strand-

specific library preparation produces the highest quality transcriptomic datasets 8, 

although few assembly algorithms can leverage both paired-end and strand-specific data 

for ab initio assembly5.  

A final challenge to transcriptome mapping is the evaluation and optimization of 

assembly results. Assembly quality is affected by sensitivity of the dataset and the 

presence of undesirable reads from spurious transcription or DNA contamination 11,27,28. 
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Genome assembly quality is usually assessed by counts of contigs, singletons, and the 

distributions of their lengths, although these classical genomic metrics do not necessarily 

reflect optimal transcriptomic outcomes8,29. Instead, functional metrics such as the 

number of assembled reference ORFs 30 or similarity to a related organism’s ORFs29 are 

more relevant transcriptomic metrics to optimize.  

Here we address these issues in a transcriptome assembly of Clostridium 

acetobutylicum, the model organism for the Acetone Butanol Ethanol (ABE) 

fermentation and the Clostridium sporulation program 31-33. Genomic knowledge of this 

organism is largely the result of the initial sequencing of its genome in 200134. The 

original annotation is based on ORF predictions and BLAST hits. It is clear now that this 

annotation requires improvements and validation through experimental data and methods, 

such as RNA-seq transcriptome mapping. While a few transcripts in C. acetobutylicum 

have been characterized34-39, for most of the ORFs, precise transcripts boundaries remain 

unknown. 

Materials and Methods 

Microbial cultures with metabolite stress 

C. acetobutylicum ATCC 824 was cultured anaerobically in 4-L New Brunswick 

Scientific BioFlo 310 bioreactors at 37°C, pH >= 5.0, as described 6,40. When the cultures 

were grown to A600=1, the N2 flow rate was decreased to 50 mL/min and cultures were 

either stressed to a final concentration of 60 mM n-butanol, 40 mM potassium butyrate, 

or left unstressed, as described. 15 mL samples were collected at 15, 75, 150, and 270 

min after treatment. Samples were collected for RNAseq analysis 6,40.  

 

RNA preparation, quality assessment, & library preparation for RNAseq analysis.  
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These were carried out as described 6,40. Briefly, samples for RNA isolation were 

collected by centrifugation at 5000 rpm at 4°C for 10 min and the pellets stored at -80°C.  

RNA was isolated using the Qiagen’s miRNeasy Mini kit. After RNA extraction, mRNA 

and sRNA were enriched by using Microbe Express kit from Ambion ® kit. The Ovation 

Prokaryotic RNA-Seq System (NuGEN® Technologies, San Carlos, CA) was used to 

synthesize cDNA from 500 ng of enriched RNA as follows. 2 μL of first primer mix 

was added to 500 ng of RNA and incubated at 65°C for 5 min. Then, 10 μL of the master 

mix (first strand buffer and enzyme) were added for first strand synthesis followed by the 

purification of the first strand cDNA using the Qiagen QiaQuick PCR purification kit. 

The last step of cDNA synthesis is synthesis of the 2nd strand, which was then purified 

using the Minelute Reaction clean up kit (Qiagen) and eluted in 10 μL of elution buffer. 

The elution buffer was used to make up the volume of the cDNA to 50 μL. The resulting 

50 μL of cDNA was used to construct libraries using the TruSeq DNA Sample 

preparation kit (Illumina): cDNA underwent end repair, 3’ end adenylation, adapter 

ligation and enrichment. AMPure XP beads were used to clean up the DNA fragments 

after each process.  Library quality was checked using a Bioanalyzer before loading onto 

HiSeq 2000.  

 

Data processing 

Paired-end sequencing resulted in 749,709,771 pairs of 76 bp reads which are to be 

deposited in the Sequence Read Archive (SRP052867). Summary statistics for the 

libraries are shown in Table A.1. The basic bioinformatic processing pipeline is described 

on Github (https://github.com/MatthewRalston/NGS_scripts). In brief, the fastq headers 

were briefly pre-processed for downstream applications by concatenating the two 

columns of the Casava 1.8+ header with an underscore. Then, the remaining sequencing 

adaptors were removed from the reads with Trimmomatic 41, an algorithm that recognizes 
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and removes user-supplied adapter sequences. Base quality was adjusted by trimming to 

the minimum Phred base quality of 20, corresponding to a base-calling error probability 

of 0.01.  

Before aligning to the published C. acetobutylicum ATCC 824 genome 34 the data 

were subjected to in silico ribosomal RNA removal by aligning the reads to the rRNA 

sequences with Bowtie 2.1.041. The unmapped reads were then aligned to the genome and 

megaplasmid sequences (NC_003030.1 and NC_001988.2). The alignment files were 

then cleaned, sorted, indexed, and validated before removing duplicate reads with 

SAMtools 42 and Picard (http://broadinstitute.github.io/picard/). These programs verify 

the integrity of the alignment file, sort and index the alignments by read name or location, 

and remove duplicate reads from preferential PCR-amplification. 

Transcriptome assembly and quality assessment 

Reference assembly was done with Trinity5. Fastq files were modified by appending the 

second column of the fastq Casava 1.8+ header to the first column before processing and 

alignment. Next, the resulting alignment files were merged and sorted before appending 

the pair information (“/1” or “/2” were added to each read name in the alignment) 

according to the Trinity documentation. Options for the algorithm can be found in the 

Github repository script trinity.sh. 

Finally, the assembly itself was aligned to the reference genome, assuring the validity 

of the assembly and the identity of the assembled transcripts. The assembly, in fasta 

format, was aligned to the genome with BLAST and BLAT. It was determined that 

BLAST produced comparable and superior alignments in most cases; the BLAST 

alignment of assembled transcripts was used for further analysis. The alignment was 

converted to gtf format. Transcripts that completely and uniquely aligned to the genome 

with < 30bp of gaps in the alignment were selected for further analysis. The gtf format 

assembly was then combined with the reference proteome for comparison. 
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Assembly statistics were produced with a Ruby script, grouping transcripts as 

’standard’ (reference-ORF containing) or ’novel.’ For the standard transcripts, UTR 

lengths and intergenic regions (IGRs) were identified and compared with both the 

reference annotation and according to the operon organization by Paredes et al. 43. 

Custom Julia, Ruby, and R scripts were used to produce and compare assembly statistics. 

Assembly quality was assessed with specific examples of canonical genes and curated 

through a customized genome browser. These regions were probed for agreement 

between known transcriptional start sites, transcript sizes, ORF boundaries, promoter, and 

terminator annotations. ORFs were predicted with transdecoder and subsequently 

annotated in RAST. 

Genome browser 

A genome browser was required for assembly curation and was designed as a web 

application to address issues of speed, data density, and flexibility. A simple database 

was created to host coverage and annotation data. The schema consisted of two simple 

tables, as no table joining was necessary for data retrieval.  Simple indices were designed 

for each table to optimize retrieval. The application layer was written in Ruby, utilizing 

the rails framework. Queries were pacified to prevent SQLi. A simple object-relational 

model (ORM) was used to design the interaction between the application layer and the 

database, although a customized query system was developed for increased speed, 

bypassing the ORM. The application layer consisted of verification protocols to ensure 

minimum record requirements, validity, and more. 

The user interface was designed as a webpage with dynamic web content 

featuring the d3 library 44. Queries are passed with simple “GET” requests, completely 

separating the application layer from the user. Retrieved data is passed to the user 

interface as JSON text and converted into SVG using javascript. The browser is described 

in 45. 
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Results 

Ultra-deep sequencing of the C. acetobutylicum transcriptome as a basis for high-

quality transcriptome assembly 

A fractional factorial experimental design was chosen to assess the expression profile of 

physiologically meaningful transcripts. The factors investigated were metabolite stress 

(60 mM butanol and 40 mM butyrate stress and unstressed control), time (15, 75, 150, 

270 min post stress), and Terminator™5′ -phosphate dependent exonuclease 

(TEX) treatment 40 (for the enrichment of 5′ end of RNAs containing Transcriptional 

Start Sites (TSS)), all assessed with duplicate biological replicates. The selected 

concentrations of metabolites induce a stress response that includes a variety of genes and 

programs 6,40, yet allow for sufficient biomass production for generating libraries of 

sufficient complexity. The selected time points span a meaningful range of growth stages 
6, of relevance to the natural stress response and the transition to the stationary phase of 

culture 46-50. In total, 30 RNA samples were enriched for primary transcripts and 

multiplexed across 5 lanes of the Illumina HiSeq 2500 platform. 

 High sequencing depth and library complexity are required for successful 

assembly 24,29. Here, 1.5 billion reads were produced in a paired-end, 76-basepair 

configuration (750 million pairs).  Comparison with related studies revealed that the 

unprecedented quantity of data produced was sufficient for assembly 45. The 92% rRNA 

removal rate and 97% alignment rate indicated a strong overall data utilization rate. Over 

30% of sequenced clusters (cumulatively 459 million reads) were properly paired (correct 

alignment orientation), thus generating enough information to cover the C. 

acetobutylicum transcriptome over 11,000-fold. These numbers exceed recommendations 

for transcript discovery projects in humans 14 and were sufficient for the objectives of this 

study. Additional figures and statistics regarding the sensitivity of the dataset can be 

found in 45. This sensitive sequencing dataset was then used for transcriptome assembly 

and transcript boundary detection. 
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Transcriptome assembly produces expected (canonical), but curation of the 

transcriptome assembly improves precision of genome assembly 

The sensitivity of the dataset suggested that precise estimates of transcript boundaries 

could be acquired, even for transcripts that might have low abundance. These boundaries 

can be produced by transcriptome assembly algorithms, which rely on the complexity of 

a sequencing dataset to generate overlap layout consensus (OLC) or de Bruijn graphs for 

traversal and transcript reconstruction 8. These algorithms find the “least common 

denominator” transcript sequence among reads and have been extensively reviewed 8. 

The Trinity assembly algorithm 5 was selected for its strand-specific, paired-end, and 

jaccard clipping features. 

Two subsets of the data were first chosen for assembly and comparison. Most of the 

aligned reads (459M, 83%) were uniquely aligned and properly-paired; the remaining 

reads were single reads, duplicates, discordant pairs, or split pairs. It was hypothesized 

that these extra reads would produce a larger and more inclusive assembly than the 

smaller, high-quality subset of the proper pairs alone. Instead, the extra reads confounded 

the assembly graphs and resulted in a higher degree of misassembly. Thus, the properly 

paired subset produced an assembly that was selected as the optimal initial approximation 

of transcript boundaries. 

In many cases, the initial assembly produced estimates of transcript boundaries that 

are consistent with previous literature values. For example, groES and groEL are solvent 

responsive class I heat shock genes 49,51-54 transcribed in a bicistronic operon on the 

chromosome of C. acetobutylicum (Figure 1). The assembled transcription start site 

closely matched the coordinate from a primer extension study 39. The assembled 

transcription stop site was also consistent with a Rho-independent terminator, producing 

a transcript size of 2,131bp in agreement with an observed 2.2 kb band39. In this example, 

the assembled transcript did not require curation to improve the precision of boundary 

identification. 
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On the other hand, many assembled transcripts required some curation to better 

reflect genomic motifs and other signals from the RNAseq data. A manual curation 

method was used to improve the precision of the results and correct misassemblies. 

Curation was facilitated by a custom genome browser with optimized data density 45 

(URL: https://clostridia.dbi.udel.edu/CBrowser, for details see Supporting Document 

SD1: Details for accessing the genome browser).  In brief, assembled transcripts were 

examined for consistent patterns of depth with respect to reference CDSes (term used as a 

plural to CDS, CoDing Sequence), predicted Rho-independent terminators, and promoter 

motifs. This browser is largely useful for inspecting the stress and non-stress data used 

for the assembly and for inspecting the molecular genome elements, including TSSs, 

promoters, terminators, novel transcripts, sRNAs, and asRNAs. Some of these elements 

are discussed below. Several examples of the curation process can be found in 45. 

As a first example of the manual curation process, we detail the assembly of 

transcripts in the sol locus, which initially produced misassemblies, thus illustrating the 

challenges associated with deep sequencing background signals. The sol locus is coded 

on the pSOL1 megaplasmid of C. acetobutylicum 55 and consists of the tricistronic sol 

operon (adhE1 (or aad)-ctfA-ctfB) 56,57 coded on the positive strand, and the convergent 

adc gene coded on the opposite strand. The bifunctional aldehyde-alcohol dehydrogenase 

(AdhE1, also known as AAD), coded by the adhE1 (or aad) gene (CA_P0162), is 

responsible for butanol production 58, while the ctfA (CA_P0163) and ctfB (CA_P0164) 

genes code for the two subunits of the CoA-transferase (CoAT) that catalyzes the 

conversion of acetoacetyl-CoA to acetoacetate while transferring the CoA moiety to 

either acetate or butyrate 59. Acetoacetate is converted to acetone upon the action of the 

adc (CA_P0165)-coded acetoacetate decarboxylase (AADC) 60,61. This locus also 

contains a small regulatory RNA(SolB)62 upstream of (CA_P0162), and a likely relevant 

or regulatory protein (CA_P0161) 63,64. The assembled sol operon transcript has a distal 

TSS identical to the location reported previously corresponding to a weak distal promoter 
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35,38 (Figure 2a). Also observed was an increase in coverage consistent with the 

previously described proximal TSS corresponding to a strong proximal promoter 35,38. 

Northern blots probing ctfB 37 and adhE1 37,65 indicate that the sol transcript  is ca. 4 kb in 

length, terminating near a bifunctional Rho-independent terminator. Depth of coverage 

decreases after the end of the sol operon near this terminator, but background antisense 

signal [typically 1-5% 66] from the adc gene was sufficiently complex for the assembly 

algorithm to misinterpret as true signal (Figure 2b). Correction of these artifacts through a 

curation process made the results consistent with previous results from a number of loci 
45. 

As a result of detailed curation, the length of standard and novel transcripts displayed 

improved characteristics compared to their uncurated counterparts (Figure 3). The 

distribution of transcript lengths agrees with the average transcript length of 1.1kb in E. 

coli (Figure 3)67.  Untranslated region (UTR) lengths IGR lengths were similarly 

improved (Supporting Information Figures SF1 & SF2)67. In summary, 2,258 transcripts 

were detected. Of these, 1,635 canonical transcripts included 3,152 reference CDSes 

(83%) within their boundaries, accounting for much of the existing knowledge on this 

organism. Of the 627 remaining transcripts, 26 overlapped with previously described 

small RNAs 6,68, leaving 601 as novel transcripts. The novel transcripts were smaller on 

average (Supporting Information Figure SF3), but with comparable coverage profiles. 

These novel transcripts thus represent additional non-coding RNAs or small protein 

coding transcripts. Of these novel transcripts, 452 were found to be at least partially 

antisense to another transcript and some of these are likely cis small RNAs (Supporting 

Information Excel File SX1). Many of these antisense transcripts were observed in 

physiologically or metabolically meaningful loci and a few select ones are discussed 

below. 
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Novel transcriptional start sites, operon organization & transcripts 

Transcriptional start sites facilitate the investigation of the molecular basis of large 

physiological programs, and are thus important features of interest for transcriptome-

mapping studies. These features facilitate future investigations of promoters and 

regulatory regions upstream of these sites. The regulatory complexity of the physiological 

program of this organism is very high 31,40,54, probably due to the fact that soil organisms 

have been exposed to and respond to a broad range of environmental signals. Many of 

these complex interactions and the associated programs are orchestrated by the large 

number of sigma and transcription factors of this organism 31,43. Knowledge of the 

coordinates of TSSs is the first step towards unraveling the complex cascading 31,54 and 

dense overlapping regulons 43 of the C. acetobutylicum sporulation, stress response and 

other environmentally responsive programs. Over 2,000 transcription start sites were 

discovered from this assembly, several of them novel (Supporting Information Excel File 

SX1). 

In a first example, the pre-spore specific sigma factor F (SigF) is an alternative sigma 

factor that is responsible for initiating spore development. It is governed by a complex 

regulatory system involving at least one anti-sigma factor and one anti-anti sigma factor 
31,32. The sigF gene (CA_C2306) is co-transcribed with an anti-sigma factor (CA_C2307) 

and an anti-anti sigma factor (CA_C2308) in an operon (Figure 4). The transcription start 

site reported here at base 2,411,363 on the chromosome is useful for understanding the 

complex regulation of the Clostridia sporulation pattern. Interestingly, our analysis has 

also revealed a non-trivial signal in an antisense orientation to the sigF operon that will 

be discussed in the next section. 

A second example is the discovery of a new TSS, promoter and transcript from the 

locus of the sol operon discussed above.  As discussed above, the sol operon has been 

assumed heretofore to generate one long 4-kb transcript (3973-bp precisely, based on the 

genome sequence and operon organization). However, our RNAseq data revealed a 
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sustained low coverage of read counts at the junction between the adhE1 and ctfA 

transcripts (Figure 5). Based on this finding, we identified a previously unknown, 

putative terminator sequence within the first 60 bps of the ctfA coding sequence 

(coordinates 178488 to 178525 on the pSOL1 megaplasmid DNA). This Rho-

independent terminator, which has a ∆G of -9.6 kcal/mol, had not been identified 

previously due to its location within a coding region, but also for lack of ctfA-probing 

Northern blots until recently 62. These recent blots identified extra bands of mRNAs 

deriving from the sol operon, two of them containing the ctfA transcript 62. This prompted 

a search that led to the identification of a strong clostridial promoter, 

TTCATA(13)TATAAT, just upstream of the RBS of the ctfA gene, thus suggesting that 

the ctfA-ctfB genes can be independently expressed from such a promoter. As a result of 

these findings, there are a total of three potential transcripts from the sol operon: the long 

adhE1(aad)-ctfA-ctfB transcript, the adhE1(aad) transcript and the ctfA-ctfB transcript. 

The RNAseq data also discovered novel genes. A notable one is the the CA_C2079 

gene.  Slightly downstream of the spo0A gene (CA_C2071) on the negative DNA strand, 

modest RNA expression from a long operon (CA_C2078 to 2073) is followed by a “gap” 

DNA region of high expression. The coverage pattern of this region 45 is distinct from 

neighboring regions  and corresponds to a putative protein (CA_C2079) that is missing 

from the databases. This gene, which shares homology to efflux transporters, was 

originally included in the genome annotation, but has been removed from the data bases 

(e.g., KEGG) over the last few years. This is the first experimental evidence for its 

expression. 

Small antisense RNAs 

Natural antisense RNAs have been described for a number of bacteria 7,28 with some 

studies reporting thousands of antisense candidates in E. coli 7. An antisense RNA 

regulating the glutamine synthetase expression has been reported in C. acetobutylicum, 

the first of its kind in this organism 69. The large number of antisense transcripts observed 

 14 
This article is protected by copyright. All rights reserved.



in other organisms were also observed in the stress responsive transcriptome of C. 

acetobutylicum. Over 400 possible antisense interactions were revealed from the 

integrative assembly (Supporting Information Excel File SX2). These antisense 

transcripts may regulate a large number of physiologically important systems in C. 

acetobutylicum, providing insight into the complex regulation of programs such as the 

sigF locus. These antisense small RNAs could be useful tools for metabolic engineering 

and biofuels research in this genus. We discuss two interesting examples of such asRNAs 

below. 

To add to the complexity of the previously described sigF locus, opposite of this 

operon is an antisense RNA (Figure 4) that displays an alternate stress response profile. 

This difference between the stress response of the sigF operon and the antisense signal 

suggests separate regulatory mechanisms and functional roles. The lack of correlation 

between the per-base sequencing depth profile across this region combined with the level 

of expression (> 1-3% of sense expression) suggests that the observed antisense transcript 

is not an artifact of background antisense signal from library preparation. This novel 

antisense RNA transcript, is the first reported antisense regulator of the sigF locus. The 

sporulation program is regulated at multiple molecular levels and the presence of 

antisense transcription in the regulation of an important Clostridium program 

demonstrates the pervasive nature of antisense regulation.  

The genus Clostridium possesses a number of hydrogen producing bacteria, which 

utilize available high-energy electrons (typically from reduced ferredoxin) to generate H2 

gas using hydrogenase enzymes. One of these hydrogenases, hydA, displayed antisense 

transcriptional activity under the conditions examined (Figure 6). The antisense patterns 

have strong expression levels over the background signal, are not strongly correlated with 

per-base sequencing depth levels on the sense strand, and display different stress 

response profiles than the hydA gene. Natural hydA antisense genes have not been 
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described in C. acetobutylicum, though artificial hydA antisense has been useful for 

understanding TNT bioremediation in this strain 70. 

Another example of antisense transcription concerns antisense signals in the locus 

coding for one of the most important operons, the BCS operon (CA_C2712, 2711, 2710, 

2709 and 2708), of this organism coding for the enzymes for the biosynthesis of butyryl-

CoA from acetyl-CoA 71,72.  The operon codes for a 3-hydroxybutyryl-CoA dehydratase, 

butyryl-CoA dehydrogenase, electron transfer flavoproteins eftA and etfB, and a 3-

hydroxybutyryl-CoA dehydrogenase. The locus of this operon also codes for two 

antisense RNAs (Figure 7) where the expression pattern does not reflect the 

transcriptional profiles for the BCS operon. This would seem to suggest that these 

putative antisense transcripts are also regulated differently from the BCS operon. 

Discussion 

Previous sequencing studies focused on small portions of the transcriptome 6,19 and/or 

were limited by low sequencing depths 6,10,17-19 and non-directional approaches6,10,17-19. 

The mapping of this transcriptome represents the first strand specific mapping effort in a 

Clostridium organism, producing results that were consistent with previously described 

motifs and transcript boundaries. Additionally, functional and global metrics were 

consistent with findings in the well-characterized gram-negative E. coli 67. 

Genomic knowledge for any organism is a moving target, with far more conditions 

and genes to assess than resources to detect them. With firm evidence for 83% of 

reference ORFs under these conditions in addition to 627 novel transcripts, these findings 

will be useful for characterization and engineering research in this genus. Future work 

could include clustering of genes by expression profiles and determination of motifs 

associated with each cluster. Additionally, re-annotation of the genome or annotation of 

the novel transcripts could reveal novel ORFs, metabolic functions, signaling pathways 

and more. This work demonstrates the role of ‘omics measurements in improving 

 16 
This article is protected by copyright. All rights reserved.



knowledge of microbial genomes and the opportunity to discover novel transcripts, 

proteins, and genes. At the same time, the challenges encountered here suggest the need 

for a discussion of depth requirements and improved assembly assessment methods. 

Currently, assembly algorithms rely on sequencing complexity alone to determine if a 

transcribed region is significantly active. The non-uniform distribution of sequencing 

depth throughout the genome makes inferences based on thresholds unreliable (i.e. 

setting a minimum read threshold to determine active regions)6. To correct false positive 

errors, an integrative curation method was used to combine multiple genomic and 

transcriptomic signals to improve the precision of boundary estimates. In the future, 

improved assembly algorithms (perhaps based on unsupervised machine learning) 

incorporating these various signals may offer improved precision for deep transcriptome 

mapping. 
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Figures 

 

 
 

Figure 1: Genome browser visualization of the groES/EL loci. Information is labeled by 

color, with annotation and coverage vector legends at the top and bottom of the figure, 

respectively. The coverage trend is consistent with previously determined transcript 

boundaries and promoter and terminator motifs. RNAseq data collected from: NS, no 

stress conditions; BA, butyrate stress conditions; or BuOH, butanol stress conditions. 

These yellow, orange colors are used for transcripts from the negative DNA strand. 

 

 

 
Figure 2a: Transcription start sites of the sol operon. The distal transcription start site 

location and expression level matches that of previous studies (red, left; see text for 

details). The location of a more abundant transcription start site (red, center) also matches 
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the proximal TSS from these studies. RNAseq data collected from: NS, no stress 

conditions; BA, butyrate stress conditions; or BuOH, butanol stress conditions. Light 

yellow, green colors are used for transcripts from the positive DNA strand. 

 

 

 

 
Figure 2b: Genome browser visualization of the sol locus, with annotations labeled as 

above. A bifunctional Rho-independent terminator (yellow, center) stops transcription of 

the sol operon (upper track) and the adc gene (lower track). Residual antisense signal 

from the adc gene was sufficiently complex to trigger misassembly of the sol transcript, 

shown by the extended assembled transcript on the forward strand of the central 

annotation track (blue from center to far right). See legends of Fig. 1 and 2a for additional 

explanations. 
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Figure 3: Curation of the standard and novel transcripts improved the consistency of the 

distributions with knowledge of transcript lengths in the model prokaryote Escherichia 

coli. 

 

 

 

 

 

 

 

 

 

 

 4 
This article is protected by copyright. All rights reserved.



 

 
Figure 4: Sigma factor F (sigF) operon is shown on the bottom track (negative DNA 

strand). Antisense signal is observed on the forward (positive) DNA strand, displaying 

different stress responsive behavior. See legends of Figures 1 and 2 for additional 

explanations. 
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Figure 5: The adhe1-ctfA IGR (intergenic region) contains a promoter and ribosome 

binding site (RBS) for a second putative transcript that includes only ctfA and ctfB. See 

legend of Figure 2 for additional explanations. 

 

 

 

Figure 6: The hydA transcript with antisense transcription on the forward strand. See 

legends of Figures 1 and 2 for additional explanations. 
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Figure 7: The BCS operon region displays antisense transcription on the forward 

(positive) strand.  
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