
 1 

Ribosome profiling in Mycobacterium tuberculosis reveals robust leaderless 
translation 
 
Elizabeth B. Sawyer, Jody E. Phelan, Taane G. Clark, Teresa Cortes* 
 
TB Centre and Department of Infection Biology, Faculty of Infectious and Tropical Diseases, London 
School of Hygiene and Tropical Medicine, Keppel Street, London, WC1E 7HT, UK 
 
*For correspondence: teresa.cortes@lshtm.ac.uk 
  

.CC-BY-NC 4.0 International licensemade available under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is 

The copyright holder for this preprintthis version posted April 23, 2020. ; https://doi.org/10.1101/2020.04.22.055855doi: bioRxiv preprint 

https://doi.org/10.1101/2020.04.22.055855
http://creativecommons.org/licenses/by-nc/4.0/


 2 

Abstract 

Mycobacterium tuberculosis, which causes tuberculosis, expresses a large proportion of leaderless 

transcripts lacking the canonical bacterial translation initiation signals. The role leaderless genes play 
in the physiology of this pathogen, which can undergo prolonged periods of non-replicating 

persistence in the host, is currently unknown. We have previously demonstrated that levels of 

leaderless transcription increase under conditions of nutrient starvation. However, little is known 

about the implications of this for persistent infection. Here, we performed ribosome profiling to 
characterise the translational landscape of M. tuberculosis in vitro. Our data reveals robust 

leaderless translation in the pathogen and points towards different mechanisms for their initiation 

of translation compared to canonical Shine-Dalgarno genes. Furthermore, under conditions of 

nutrient starvation, we found a significant global up-regulation of leaderless genes in the 
translatome. Our data represents a rich resource for others seeking to understand translational 

regulation not only in M. tuberculosis but in bacterial pathogens. 
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Introduction 

Mycobacterium tuberculosis is an important human pathogen with a complex lifecycle characterised 

by long periods of persistence, in which bacteria enter a non-replicative, antibiotic-tolerant state 

(Stewart et al., 2003; Gomez and McKinney, 2004;). The mechanisms underlying bacterial adaptation 
to diverse environmental conditions encountered during infection, such as the acidification of 

phagosomes, the presence of reactive nitrogen and oxygen species, hypoxia and nutrient starvation 

are still poorly understood (Rengarajan et al., 2005). Recent findings have demonstrated differences 

in translational control between M. tuberculosis and the model organism Escherichia coli, and these 
mechanisms may play a role in the ability of M. tuberculosis to adapt to diverse environmental 

conditions (Trauner et al., 2012; Xue and Barna, 2012; Byrgazov et al., 2013; Bunker et al., 2015a) 

(reviewed in (Sawyer et al., 2018)).  

The translation of messenger RNA (mRNA) into protein is a highly controlled process involving 

multiple layers of regulation at each step of, initiation, elongation, termination and ribosome 
recycling. In recent years, the heterogeneity of these regulatory mechanisms has begun to be 

appreciated and explored. In particular there is increasing evidence to show that distinct populations 

of ribosomes preferentially translate mRNAs with certain features (Xue and Barna, 2012; Byrgazov et 

al., 2013; Shi et al., 2017;). Untranslated regions (UTRs)  of mRNAs can influence the stability and 
translational efficiency of the transcript either by providing binding sites for regulatory proteins or 

RNAs, adopting secondary structures such as internal ribosome entry sites or by repressing 

translation (Hughes, 2006; Morris and Geballe, 2000; Nguyen et al., 2020). Furthermore, short open 

reading frames (ORFs) within 5’ UTRs may inhibit translation by occluding the start codon or may 
themselves be translated (Ruan et al., 1994; Cao and Geballe, 1995; Werner et al., 1987). 

The development of ribosome profiling techniques has proven to be a powerful technique for 

studying translation (Ingolia et al., 2009). It involves isolation of ribosomes bound to mRNA, 

enzymatic digestion of mRNA unprotected by the ribosome and sequencing the ribosome-protected 

fragments (RPF or footprints) of the mRNA. This technique enables very precise identification of 
specific mRNA strands being actively translated at any given moment in time. Ribosome profiling 

experiments performed in the non-pathogenic Mycobacterium smegmatis have uncovered 

important new details about translation, including the translation of hundreds of small, previously 
unannotated proteins at the 5’ ends of transcripts (Shell et al., 2015), the translation by alternative 

ribosomes that have distinct functionality compared with their canonical counterparts (Chen et al., 

2019) as well as cysteine-responsive attenuation of translation (Canestrari et al., 2020).  

The adaptive responses of mycobacteria to stress have been extensively analysed by transcriptional 

profiling in well-defined experimental models (Stewart et al., 2002; Betts et al., 2002; Deb et al., 
2009; Rohde et al., 2012; Galagan et al., 2013; Rustad et al., 2014; Namouchi et al., 2016; Aguilar-

Ayala et al., 2017; Martini et al., 2019). However, due to the well-established poor correlation 

between levels of mRNA transcripts and proteins in the cell (Cortes et al., 2017; Haider and Pal, 
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2013) and differences in mRNA and protein half-lives (Nguyen et al., 2020), it is unclear how the 

changes that occur in the transcriptome of bacteria that enter a persistent state play out in the 
proteome. Clearly, there are post-transcriptional control mechanisms that influence protein 

abundance, but these are currently poorly understood in mycobacteria. Previous genome-wide 

mapping of transcriptional start sites (TSSs) in M. tuberculosis has shown that this pathogen 

expresses a large number of transcripts that lack a 5’UTR (referred to as leaderless transcripts) 
including the sequence elements that usually play a role in ribosome recruitment and binding, such 

as the Shine-Dalgarno sequence (Cortes et al., 2013; Shell et al., 2015). It is known that under 

conditions of nutrient starvation, transcription of leaderless genes is upregulated and associated 

with genes expressed in nondividing cells (Cortes et al., 2013), but understanding of the impact of 
this regulation on translation is lacking. Hence, further understanding of the quantitative 

correlations between transcription and translation, and the regulation of translation of leaderless 

mRNAs is needed in order to gain more insights into persistent infection with M. tuberculosis. 

In this Tools and Resources article, we have applied parallel RNA sequencing and ribosome profiling 

in M. tuberculosis H37Rv (reference strain) to gain further insights into the translational landscape of 
this pathogen and provide comprehensive measurements of translation under exponential growth 

and following a nutrient starvation model. Our data provide a rich resource for studying translation 

and its regulation in M. tuberculosis. 

Results 

The translational landscape of M. tuberculosis during exponential growth 

To better understand genome-wide translation in M. tuberculosis, we adapted a previously 

published protocol for ribosome profiling (Latif et al., 2015) to be suited for a Biosafety Level 3 
laboratory environment. Cultures of M. tuberculosis H37Rv were grown to an OD600 of ~ 0.6 and 

triplicate samples were processed for parallel ribosome profiling (Ribo-seq) and RNA sequencing 

(RNA-seq) (see Methods). Chloramphenicol was used to halt elongation for the generation of Ribo-

seq libraries (Becker et al., 2013). The libraries were multiplex sequenced on an Illumina NextSeq 
500 by Cambridge Genomic Services. On average, we sequenced 36 million fragments, with 30% of 

the RPF reads aligning to non-ribosomal RNA genome locations (Supplementary table S1). As our 

experimental procedure did not include a size selection step, we obtained a broad distribution of 

RPF read lengths, ranging from 20-37 nucleotides (Supplementary figure S1A). To evaluate if the 
range of RPF reads obtained were representative of translating ribosomes, we assessed the 

ribosome occupancy for genes aligned at their start codon for each read length individually. We 

assigned ribosome densities to the 3’ end of reads as it has been previously shown to yield precise 

information about ribosome position in bacteria (Balakrishnan et al., 2014; Nakahigashi et al., 2014; 
Woolstenhulme et al., 2015; Mohammad et al., 2019). This analysis revealed a defined peak near the 

start codon corresponding to initiating ribosomes for RPFs ranging from 29-37nt, whereas the 

shorter reads (20-28 nt) did not show a clear peak at the start codon and were considered to be 

.CC-BY-NC 4.0 International licensemade available under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is 

The copyright holder for this preprintthis version posted April 23, 2020. ; https://doi.org/10.1101/2020.04.22.055855doi: bioRxiv preprint 

https://doi.org/10.1101/2020.04.22.055855
http://creativecommons.org/licenses/by-nc/4.0/


 5 

artefacts of the experimental procedure (pre-initiation complexes and other material that 

precipitated with translating ribosomes) (Supplementary figure S1B). Therefore, for all downstream 
analyses only RPFs of length 29-37 nucleotides were considered. Samples were depleted of 

ribosomal RNA using the ribo-zero kit (see Methods) and remaining ribosomal RNA reads were 

filtered out of the dataset in silico. 

To assess the quality and reproducibility of our data, we calculated the pairwise Spearman 

correlation for each pair of biological replicates for both the RNA-seq and Ribo-seq libraries, which 
showed a high degree of reproducibility between replicates (Spearman’s r> 0.93; Figure 1A). Next, 

we calculated the fraction of reads corresponding to various genomic regions for both the RNA and 

RPF reads. As RPF reads reflect translating ribosomes, it is expected to have a higher fraction of the 

reads mapped within or proximal to coding sequences and 5’UTRs, whereas RNA reads will have a 
broader distribution with a higher fraction of reads mapped to non-coding regions of the genome. 

As expected, whereas only 37% of the RNA reads accounted for coding sequences (CDS), 66% of the 

RPF reads mapped within CDS with a further 18% mapping within 5’UTRs (Figure 1B). Mapping of 

RPF reads within 5’UTRs is expected to reflect ribosomal engagement near the annotated start 
codon for translation initiation. To verify this, we further looked at the 76 expressed 5’UTRs shared 

across the top 100 most expressed 5’UTRs among the three biological replicates, which accounted 

for 72.3% of the total fraction of reads mapped to 5’UTRs. In 65 out of the 76 cases, mapped RPF 

reads to these regions could be attributed to ribosomal recruitment for translation initiation 
(Supplementary figure S2). 

The overall expression rate for each gene during exponential growth was calculated as read density 

across each gene in reads per kilobase per million (RPKM). Plotting of gene expression rates for RPF 

and RNA across replicates revealed a high correlation between measures of transcription and 

translation consistent with the coupling of these processes in bacteria (Spearman’s r = 0.91; Figure 
1C). In agreement with previous measurements of global transcription during exponential growth 

(Cortes et al., 2013), we were able to reliably quantify translation rates for 2,598 genes, representing 

64.4% of the annotated translatome (see Methods, Supplementary Table 2, Supplementary figure 
S3). 

To further investigate the extent to which the RPF read densities reflect the relative abundance of 

proteins in the cell, we looked at members of multiprotein complexes with known stoichiometry. 

The rplJ operon encodes the 50S ribosomal proteins uL10 (RplJ, Rv0651) and bL7/12 (RplL, Rv0652) 

which are present in one and four copies, respectively, in the assembled 50S subunit (Gordiyenko et 
al., 2010). The ATP synthase operon also encodes proteins that are present in different 

stoichiometries in the assembled complex (AtpA-H) (Foster and Fillingame, 2009; Lu et al., 2014). We 

plotted the stoichiometries of these proteins in the complexes against the RPF read densities and 

observed a close relationship between the number of read counts and the protein abundance 
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(Figures 1D and 1E) providing further confirmation that our ribosome profiling data reflect genuine 

translation events. 

  

Figure 1. Measures of quality and reproducibility of the data. (A) Pairwise correlation coefficients 
calculated between each pair of replicates for total RNA and RPFs based on number of counts per 
gene. (B) Fraction of RNA and RPF reads aligning to various genomic features, coding sequences 
(CDSs), 5’ UTRs, non-coding RNAs (ncRNA) and intergenic regions (IGR). (C) Correlation between 
transcription and translation assessed from plotting average RPKMs across the three replicates for 
mRNA and RPFs. (D and E) Relationship between stoichiometries of proteins in complexes (50S 
ribosomal subunit and ATP synthase) and RPF read counts (in RPKM). The operon structure is shown 
in pink, where the length of the bar represents the gene length and the gene name and 
stoichiometry in the complex shown below. Above are shown the counts of RPF reads (dark green) 
and RNA reads (light green) where the height of the bar represents the average number of counts 
across the gene, indicated above. The graphs show the stoichiometry of the protein in the complex 
plotted against the RPF read counts (in RPKM). 

In summary, we have sequenced total RNA and ribosome footprints from exponentially growing 

cultures of M. tuberculosis H37Rv. After filtering the data to exclude probable artefacts, analysis of 

the sequencing data indicates that our RPF data likely reflects genuine translation events in the 
mycobacterial cell, including proportional synthesis of genes from the same operons whose 

stoichiometries in the resulting protein complexes differ.  

Broad leaderless translation during exponential growth 

We have previously demonstrated that a substantial subset of M. tuberculosis mRNAs is transcribed 

as leaderless transcripts that lack a 5’UTR and associated ribosomal recognition signals, but 

quantification of translation rates for this pathogen at a genome-wide level was lacking. From the 
data presented here, we were able to quantify similar reliable rates of translation for leaderless 
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mRNAs (436 out of 2,598; 17%) and for Shine-Dalgarno mRNAs (486 out of 2,598; 19%); thereby 

corroborating that M. tuberculosis is able to efficiently initiate global translation of leaderless 
transcripts during exponential growth even in the absence of a Shine-Dalgarno sequence (Shell et al., 

2015; Nguyen et al., 2020). Translation efficiencies (TEs) were calculated by dividing the RPKM of the 

translatome by the RPKM of the transcriptome and revealed significantly higher median efficiency 

levels for Shine-Dalgarno genes (Mann-Whitney test, P = 0.0195; Figure 2A), confirming previous 
observations between these genes and higher levels of expression (Ma et al., 2002).  

We analysed the TE values of genes from various functional categories (Figure 2B upper panel) and 

found an association between the TE value and the gene functional categories that are required for 

optimal growth. In particular, energy metabolism (b) and ribosomal protein synthesis (k) categories 

had higher median TE values than others such as non-ribosomal peptide synthesis (h) (Kruskal-Wallis 
test, P <0.003). We also plotted the proportions of genes in each category that have a Shine-

Dalgarno sequence (blue), are leaderless (orange) or have a 5’ UTR that does not include such a 

sequence (grey; Figure 2B lower panel). Looking together at Figures 2C and 2D it is apparent that 

those functional categories involved in primary metabolic functions tend to have higher proportions 
of Shine-Dalgarno genes and be more efficiently translated than categories with more leaderless 

genes. The exception is the toxin-antitoxin systems category (r) where the TE values are dominated 

by a small number of antitoxins with high efficiencies in exponential growth. 

As TE is an estimate of how much protein is made from a single mRNA, comparing gene TE values 

against mRNA gene expression rates should provide information on the regulation of gene 
expression at the level of translation and reveal potential differences in TEs amongst gene 

categories. Plotting of mRNA to TE ratios for the different gene categories provided no evidence for 

an overall difference in the translation of leaderless and Shine-Dalgarno transcripts (Spearman’s r < 

0.27) (Figure 2C). Overall, our data suggest that in contrast to E. coli, where the efficiency of 
leaderless translation is strongly dependent on the availability of initiation factors (Moll and Bläsi, 

2002), M. tuberculosis can efficiently initiate and robustly translate leaderless transcripts using the 

translational machinery available during in vitro growth conditions.  
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Figure 2. Translation efficiency. (A) Plot of translation efficiency (TE) values distribution of Shine-
Dalgarno (SD, blue) and leaderless (L, orange) genes during exponential growth. For reference, genes 
with a 5’UTR not including a Shine-Dalgarno sequence (UTR, grey) and non-assigned genes (dark 
grey) are also included. (B) top panel: TE values distribution amongst functional categories (see key 
below); lower panel: proportion of Shine-Dalgarno (blue) or leaderless (orange) genes representing 
each functional category (all other genes, including those with a 5’ UTR that lacks a Shine-Dalgarno 
sequence are shown in grey). With the exception of toxin-antitoxin systems (r) in which the TE 
values are dominated by a small number of antitoxins with high TEs, in general under conditions of 
exponential growth, the translational efficiency is highest for genes involved in primary metabolic 
activities (in which Shine-Dalgarno sequences are dominantly found). Key to functional categories in 
(B): a Degradation; b Energy metabolism; c Central intermediary metabolism; d Amino acid 
biosynthesis; e Purines, pyrimidines, nucleosides and nucleotides; f Biosynthesis of cofactors, 
prosthetic groups and carriers; g Lipid biosynthesis; h Polyketide and non-ribosomal peptide 
synthesis; i Broad regulatory functions; j Synthesis and modification of macromolecules; k Ribosomal 
proteins; l Degradation of macromolecules; m Cell envelope; n Cell processes; o Other; p Conserved 
hypotheticals; q Unknowns; r Toxin-antitoxin systems. (C) Plots of mRNA vs. TE with Spearman 
coefficients included. 

Metagene analysis reveals differences in ribosome densities at the start codon between leaderless 

and Shine-Dalgarno transcripts 

As leaderless transcripts lack the ribosomal recognition sequences for translation initiation, we 

hypothesized that maps of ribosome occupancy for genes aligned at their start codon will differ 

between leaderless and Shine-Dalgarno genes. In order to test this hypothesis, we used ribosome 

densities assigned to the 3’ end of reads to perform metagene analysis and generate maps of 
ribosome occupancy. 3’ assignment of reads allowed us to identify a consensus distance of 14 nt 

from the 3’ end of mapped reads and the start codon offset to the P-site in our dataset (see 

Methods, Supplementary figure S1), which provides a reliable estimate of the distance from the P-

site codon to the 3’ boundary of the mycobacterial ribosome. Visualisation of the metagene profiles 
obtained for leaderless and Shine-Dalgarno genes revealed striking differences in the ribosome 

densities around the start codons (Figure 3A). The metagene analysis of Shine-Dalgarno genes shows 
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a peak at the start codon, indicating a high ribosome density in that region, whereas the ribosome 

density at the 5’ end of leaderless genes increases gradually with distance from the start codon. We 
propose that the higher density of ribosomes near the start codon of Shine-Dalgarno genes is due to 

a slower initiation associated with binding of the anti-Shine-Dalgarno and Shine-Dalgarno sequences 

during positioning of the start codon in the P-site, in contrast to the 70S ribosome binding to 

leaderless transcripts and initiation proceeding more rapidly to elongation. 

To address the question of whether this pausing near the start codon is a global phenomenon that 

also happens in other bacteria, we analysed previously published Ribo-seq datasets from M. 

smegmatis (Shell et al., 2015) and E. coli (Latif et al., 2015) and looked for similarities with our data. 

Like M. tuberculosis, M. smegmatis has a large leaderless transcriptome and appears to be able to 

translate leaderless transcripts with high efficiency (Shell et al., 2015). In contrast, under optimal 
growth conditions, E. coli expresses only 14 leaderless genes (Thomason et al., 2015). The metagene 

analysis of the M. smegmatis data follows the same pattern as that of our M. tuberculosis dataset, 

suggesting that different species of mycobacteria may share common mechanisms for translating 

leaderless mRNAs (Figure 3B). However, the same pattern was not seen in E. coli, where the 
metagene analysis of leaderless genes does not appear to indicate an efficient transition between 

initiation and elongation or indeed reliable translation along the length of the leaderless transcript 

(Figure 3C). 
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Figure 3. Metagene analysis of 3’ assigned genes aligned at the start codon. (A) M. tuberculosis (B) 
M. smegmatis (C) E. coli with all genes shown in black, leaderless in orange and Shine-Dalgarno 
genes in blue. (D) influence of the degree of complementarity to the anti-Shine-Dalgarno on 
translation efficiency (TE). (E) Influence of the presence of the GGAGG core and degree of 
complementarity of the anti-Shine-Dalgarno sequence on TE. 

TE has been shown to be determined by both codon bias and mRNA folding energy (Tuller et al., 

2010). To rule out the possibility that our results were unduly influenced by codon bias, we analysed 

the codon composition of the 20 codons downstream of the start codon and compared leaderless 

and Shine-Dalgarno sequences. In general, there were very few significant differences between the 
types of transcript, although it was interesting to note that it was often the most and least abundant 

codons genome-wide that were significantly enriched between types of transcript (e.g. the codons 
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CUG and UUA are the most and least used leucine codons in mycobacteria (Andersson and Sharp, 

1996), and both were significantly over-represented (Fisher's exact test P <0.0379; two-sided) in 
leaderless compared to Shine-Dalgarno transcripts in our dataset (Supplementary Figure S4). 

We also investigated the effect of the strength of the Shine-Dalgarno sequence on TE. Locations of 

Shine-Dalgarno sequences were found by searching for the canonical M. tuberculosis Shine-Dalgarno 

sequence (AGAAAGGAGG; complementary to the anti-Shine-Dalgarno sequence in the 16S 

ribosomal RNA of M. tuberculosis (Kempsell et al., 1992)) in the 30 nucleotides upstream of the start 
codon. The distance of the Shine-Dalgarno sequence from the start codon and the number of 

matches between the gene-specific and canonical Shine-Dalgarno sequence were extracted. These 

metrics were used to assess the relationship between TE and Shine-Dalgarno sequence strength. 

With the exception of Shine-Dalgarno sequences that are near-perfect matches to the 16S rRNA 
anti-Shine-Dalgarno sequence (9 complementary base pairs or more, linear regression TE vs. number 

of matches, P = 0.012) there was no evidence that higher complementarity to the anti-Shine-

Dalgarno resulted in higher translation efficiency genome-wide (Figure 3D). It is not possible to say 

from our data whether for individual genes there is any Shine-Dalgarno complementarity effect, as 
observed by Park et al. (Park et al., 2011) as we did not specifically test this with mutagenesis; 

however, there is no apparent correlation between Shine-Dalgarno strength and TE across the 

genome. The conservation of a core GGAGG motif within the Shine-Dalgarno sequence also had no 

effect on TE (Figure 3E). 

Transcriptional and translational gene regulation during nutrient starvation 

The transcriptional response of the M. tuberculosis leaderless transcriptome has been previously 

shown to increase under conditions of nutrient starvation (Cortes et al., 2013) but its overall effect 

on the proteome remained unclear. To assess the translational response of M. tuberculosis to 

nutrient starvation and further quantify the effect of leaderless translation on the stress 

translatome, we performed parallel RNA-seq and Ribo-seq on triplicate M. tuberculosis cultures that 
had been nutrient-starved for 24 hours (see Methods, Supplementary tables 3 and 4). RNA-seq 

analysis of nutrient starved samples confirmed previous transcriptomic studies with mRNAs for 560 

genes increasing > 2-fold and 589 genes decreasing > 2-fold (adjusted P < 0.01, Supplementary table 

5), with down-regulated genes including genes coding for ribosomal proteins and genes involved in 
energy metabolism (Betts et al., 2002; Dahl et al., 2003; Cortes et al., 2013). The global response at 

the level of the translatome was similar, with RPFs for 563 genes increasing > 2-fold and 573 genes 

decreasing > 2-fold, but the overlap between transcription and translation was moderate. 344 genes 
were both significantly up-regulated at the level of mRNA and RPFs and 400 genes were significantly 

down-regulated (Figure 4A), highlighting a potential scope for translational regulation. To further 

identify translationally regulated genes upon starvation, we looked at the set of genes with only 

significant changes at the level of RPFs. We identified a set of 28 genes that showed more than 4-
fold induction at the level of translation only (Figure 4B). Interestingly, these genes included both 
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leaderless and Shine-Dalgarno transcripts and are mostly related to cholesterol metabolism (Griffin 

et al., 2011) or are SEC substrates (de Souza et al., 2011; Målen et al., 2010). 

We were able to quantify reliable rates of translation for 2,054 genes, of which 388 (19%) were 

leaderless and 452 (22%) were Shine-Dalgarno genes. Metagene analysis of read densities aligned at 
the start codon during nutrient starvation revealed similar patterns of ribosomal recruitment as the 

ones described for exponential growth, with Shine-Dalgarno genes showing higher ribosome 

occupancy near the start codon and ribosome occupancy for leaderless genes increasing gradually 
from the start codon (Supplementary figure 4). Of the mRNA transcripts that were more than 10-fold 

up-regulated in our previous study (Cortes et al., 2013), 72% were also significantly up-regulated at 

the level of the translatome in this dataset. Furthermore, the levels of global up-regulation of 

leaderless genes in the translatome under conditions of nutrient starvation was statistically 
significant (Fisher’s exact test, P <0.0011) (Figure 4C). To better discriminate if leaderless transcripts 

are translated with differing efficiencies during nutrient starvation, we calculated TE values as 

described previously and compared their distribution amongst the set of reliably quantified 

leaderless and Shine-Dalgarno genes. We found that as for exponential growth, median TE values for 
Shine-Dalgarno genes were significantly higher than for leaderless genes in the starved translatome 

(Mann-Whitney test, P =0.0001) (Figure 4D).  

As potential mechanisms underlying differential translation of leaderless versus Shine-Dalgarno 

genes could include quantitative differences in the abundance of components of the translational 

machinery, we looked for preferential translation of ribosomal proteins, ribosome associated factors 
as well as translation factors during starvation (Supplementary table 4, Supplementary figure 5). 

Analysis of the differential expression of ribosome-associated factors during starvation highlighted 

the significant up-regulation of two genes, Rv1738 and RafS (DESeq2, (Love et al., 2014)). The 

function of the product of gene Rv1738 has not been biochemically determined, but structural 
studies suggest it may function as a ribosome hibernation promoting factor (HPF) as it bears 

significant structural homology to the HPF proteins from E. coli and Vibrio cholerae, including 

docking of the Rv1738 protein dimer into the groove where HPFs bind the 70S ribosome (Bunker et 
al., 2015). The up-regulation of Rv1738 in starvation is consistent with its potential role as an HPF 

and with a role in tolerance of early nutrient starvation. Rv2632c bears some homology to Rv1738, 

but lacks the ring of positively charged residues likely to be important for ribosomal RNA binding 

(Bunker et al., 2015). Rv2632c was also up-regulated in starvation (log2 fold-change = 1.59) but the 
up-regulation fell below the threshold of significance (log2 fold-change = 2). RafS (Rv3241c) was also 

significantly up-regulated in starvation. RafS is homologous to MSMEG_3935, which contains an 

S30AE domain and a ribosome-binding domain and has been shown to bind mycobacterial 

ribosomes under conditions of hypoxic stress (Trauner et al., 2012). Biochemical characterisation of 
RafS including structural studies of this protein bound to mycobacterial ribosomes indicates a 

mycobacterial-specific interaction which seems to prevent subunit dissociation and degradation 

during hibernation without the formation of 100S dimer (Mishra et al., 2018). 
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Figure 4. Differential expression in response to starvation. (A) Venn diagrams showing the up- and 
down-regulation of gene expression at the level of RNA and RPFs. (B) Scatterplot showing the 
changes in the transcriptome (RNA) and translatome (RPF) during starvation. In blue, co-regulated 
genes; in red, genes regulated at the level of the translatome only; in green, genes regulated at the 
level of the transcriptome only. (C) Volcano plot and contingency plots showing the proportion of 
genes in each UTR category that were up- or down-regulated in starvation. L, leaderless; SD, Shine-
Dalgarno. Asterisks denote significant differences (Fisher’s exact test, P = 0.0011) between 
proportions (D) Distribution of TE values across UTR categories did not change much in starvation 
compared to control. L, leaderless; SD, Shine-Dalgarno. (E) Changes in the expression of known and 
putative ribosome-associated factors indicated that Rv1738 and RafS were significantly up-regulated 
during starvation. 
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Our data clearly show that translation of leaderless transcripts increases during nutrient starvation, 

but there was no evidence that this is due to a difference in the TE between different types of 
transcripts under different conditions.  

Discussion 

In this manuscript we present ribosome profiling data from M. tuberculosis H37Rv under conditions 

of exponential growth and nutrient starvation in vitro. Our data, which were collected in triplicate, 

show a high level of reproducibility and appear to represent genuine translation events. There is 

good agreement with the previously published response of M. tuberculosis to nutrient starvation: of 

the most highly up-regulated mRNA transcripts in nutrient starvation (10-fold or more up-regulation) 
previously reported (Cortes et al. 2013), 72% were also up-regulated at the level of the translatome. 

Our data shed light on multiple aspects of translation in mycobacteria, from the role of the Shine-

Dalgarno sequence in translation efficiency to mechanisms of initiation. 

Our data also provides biochemical evidence for a ~14 nt spacing between the P-site and the 3’ 

boundary of the mycobacterial ribosome, which is in agreement with estimates obtained in the 
attenuated M. tuberculosis mc27000 strain (Smith et al., 2019) and the distance found in E. coli 

(Woolstenhulme et al., 2015). This distance was obtained by 3’ assignment of RPF reads 

(Woolstenhulme et al., 2015) which has been shown to be the best method for determining the 
position of the ribosome on the mRNA. The need for 3’ assignment arises because unlike ribosome 

profiling libraries from Saccharomyces cerevisiase, which show strong three nucleotide periodicity as 

the ribosome translocates codon by codon along the mRNA, bacterial Ribo-seq libraries show a 

broad distribution in RPF read lengths. However, when reads are aligned by the 3’ boundary, the 
start codon peak is reduced to 1-2 nt wide and the position of the ribosome can be accurately 

inferred (Balakrishnan et al., 2014; Nakahigashi et al., 2014; Woolstenhulme et al., 2015). We 

therefore used 3’ assignment prior to metagene analysis of our data (and the previously published 

datasets we analysed from M. smegmatis and E. coli (Latif et al., 2015; Shell et al., 2015)) to obtain 
the position of the ribosome. 

In our study we used chloramphenicol to arrest translation. Chloramphenicol arrests elongation but 

has little effect on initiation, potentially leading to an accumulation of ribosome density at the 5’ end 

of CDSs (Mohammad et al., 2019). To rule out the possibility that our data were affected by 

chloramphenicol artefacts, we repeated the DESeq2 analysis of differentially translated genes during 
nutrient starvation to account for reads across the first 50 codons (Supplementary table 6). This 

revealed little difference in the results, suggesting that in this case any bias towards the 5’ ends of 

genes has little influence on our analysis. 

The role of translational reprogramming as a mechanism for shaping the proteome during stress to 

guarantee bacterial survival has been widely described in bacteria (reviewed in (Starosta et al., 

2014)). In the context of M. tuberculosis, the robust translation of leaderless mRNA transcripts 
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during exponential growth and their up-regulation under stress conditions is likely to play a role in 

cell survival. Our data point towards mycobacterial ribosomes being somewhat promiscuous in 
terms of the types of mRNA transcript they are able to translate with both leaderless and Shine-

Dalgarno transcripts being efficiently translated. Metagene analysis revealed differences in the 

initiation mechanisms of translation of these two types of transcript, with Shine-Dalgarno transcripts 

showing ribosomal pausing at the start codon – presumably representing assembly of the pre-
initiation complex and Shine-Dalgarno to anti-Shine-Dalgarno binding to stabilise the complex. 

Whereas initiation of leaderless transcripts lacks this pause, consistent with a model in which pre-

assembled 70S monosomes directly bind the mRNA and become quickly elongation-competent. 

It is interesting that the putative ribosome stabilisation factors RafS and Rv1738 were significantly 

up-regulated during nutrient starvation. This observation is consistent with previous studies that 
have proposed roles for these proteins in 70S ribosome stabilisation and tolerance of early nutrient 

starvation and hypoxic stress (Bunker et al., 2015; Trauner et al., 2012). The stabilisation of 70S 

monosomes is relevant to the increase in leaderless translation under conditions of nutrient 

starvation because the assembled 70S ribosome has been proposed as the species that initiates 
leaderless translation. This is further supported by our metagene analysis, which indicates a 

smoother and more rapid initiation for leaderless translation compared to Shine-Dalgarno 

translation, which exhibits a characteristic pause at the start codon that we attribute to assembly of 

the pre-initiation complex involving binding of the Shine-Dalgarno-anti-Shine-Dalgarno sequences, 
50S subunit joining and GTP hydrolysis to render the ribosome elongation-competent. Similar 

mechanisms for initiation seem to occur in both exponentially growing and nutrient starved cultures; 

however, the proportion of leaderless-translated mRNA increased during nutrient starvation. This 
observation suggests that there are not distinct mechanisms of translation occurring during different 

growth conditions, but rather that factors that stabilise intact ribosomes may play a role in ensuring 

continued robust translation during conditions of stress 

The influence of the strength of the Shine-Dalgarno sequence on translation efficiency (TE) is a 

complex issue. Previous studies have reported little or no correlation between ribosome occupancy 
and the strength of the Shine-Dalgarno motif (Schrader et al., 2014; Li et al., 2014; Li, 2015; Del 

Campo et al., 2015) when looking at genome-wide effects. However, at the level of individual genes, 

mutation of the Shine-Dalgarno sequence to decrease binding of the mRNA to the ribosome has 

been shown to reduce protein expression (Park et al., 2011). How can these results be reconciled? A 
key study by Buskirk and co-workers dissected out the influence of A-rich sequences in 5’ UTRs from 

the impact of Shine-Dalgarno strength (Saito et al., 2020). In our study, we found that closer 

complementarity to the anti-Shine-Dalgarno sequence results in higher translation efficiency only for 

the highest number of matches; there was little difference in the TEs of genes with imperfect Shine-
Dalgarno sequences (according to complementarity with the anti-Shine-Dalgarno sequence 

(Kempsell et al., 1992)). The four genes with high Watson-Crick complementarity to the anti-Shine-

Dalgarno had statistically significant higher TEs than genes with fewer matches. These genes include 
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two conserved hypothetical proteins (Rv0060 and Rv1813c), a probable transcriptional regulatory 

protein (Rv2324) and the 6 kDa early secretory antigenic target EsxA (Rv3875). As TE is a measure of 
RPF/mRNA and cannot account for protein degradation, the proteins with high TEs are not 

necessarily those most abundant in the cell. However, in terms of the mechanism of their translation 

it is interesting to ask what the transcripts encoding these proteins have in common, and our data 

indicate that high complementarity of the Shine-Dalgarno sequence is one such feature.  

To date, the development of novel therapeutics against M. tuberculosis has been slow, hindered in 

part by the difficulties of studying a slow-growing category 3 pathogen and by the challenges of 

genetic manipulation of this organism. The data obtained from our experiments provides a rich 

resource for studying translation and its regulation in M. tuberculosis which will be useful to other 

researchers. 

Materials and Methods 

All materials and reagents were of analytical grade and obtained from Sigma-Aldrich (Merck, 

Darmstadt, Germany) unless otherwise specified. All buffers were prepared using water purified to a 

resistance of 18.2 MΩ cm-1 and filtered through a 0.2 µm membrane (Millipore, Billerica, MA, USA) 

before use. 

Culture conditions 

M. tuberculosis H37Rv was grown in Middlebrook 7H9 medium (BD Diagnostics) supplemented with 

10% Middlebrook albumin-dextrose-catalase (ADC) (BD Diagnostics), 0.2% glycerol and 0.05 % 

Tween 80 at 37°C until OD600 was 0.4–0.6. For starvation experiments, exponentially growing 

bacteria were pelleted, washed twice in PBS and resuspended in PBS supplemented with 0.025% 

Tyloxapol, and maintained in culture for a further 24 h. Triplicate cultures of exponentially growing 
and nutrient starved cells were prepared for parallel RNA and Ribosome profiling experiments. For 

ribosome profiling experiments, chloramphenicol was added to a final concentration of 100 μg/ml 

two minutes prior to harvesting cells. All bacteria were harvested by centrifugation at 4000 rpm and 

4°C in a JS 4.0 swinging bucket rotor (Beckman Coulter, Brea California) and immediately processed 
as described below. 

Ribosome profiling 

Sample preparation for ribosome profiling was carried out according to a modified form of the 

method of Latif et al.(Latif et al., 2015). All steps were performed on ice or using chilled buffers. M. 

tuberculosis cell pellets were resuspended in lysis buffer (20 mM HEPES, pH 7.4; 200 mM KCl, 1% 

TritonX-100, 12 mM MgCl2, 1 mM CaCl2, 1 mg/ml heparin, 100 μg/ml chloramphenicol and 5 U/ml 
DNase I)  and transferred to ribolysing matrix tubes (MPBio). Cell lysis was performed by ribolysing 

the sample three times for 30 s at power 6.5 (Fast Prep Hybaid FP120HY-230, MPBio). Ribolysing 
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matrix and cell debris were removed by centrifugation at 12,000 rpm (JA-15 1.5 rotor, Beckman 

Coulter) for 10 minutes. 

The ribosome profiling samples were then double filtered through a 0.2 µm membrane (Corning, 

New York) to ensure sterility before incubation for 45 minutes with 24 µl microccocal nuclease (NEB) 

and 15 µl DNaseI (Thermo Fisher, Waltham, Massachusetts) to digest mRNAs that are not bound by 

ribosomes . Nuclease digestion was stopped by addition of 10 µl Superase In (Thermo Fisher) and 5 

µl 0.5 M EGTA and cell lysates loaded onto a 34% sucrose cushion. Ribosomes were harvested by 

centrifugation at 40,000 rpm for 15 h in an SW40Ti rotor (Beckman Coulter). To isolate the 

ribosome-bound mRNAs or ribosome footprints (RPF), the ribosomal pellet was then resuspended in 
Qiazol (Qiagen, Hilden, Germany) and small RNA isolated using the miRNeasy mini kit (Qiagen). 

Isolated RNA was precipitated and resuspended in 10 mM Tris, pH 8.0. Finally, RPF samples were 

depleted of ribosomal RNA using the RiboZero rRNA removal kit for bacteria (Illumina) and purified 

using RNeasy MinElute columns (Qiagen). The quantity and quality of the RNA was assessed at each 
step using the bioanalyser and qubit. 

RNA isolation 

M. tuberculosis cell pellets were resuspended in RNApro solution (MPBio, Irvine, California) and 

ribolysed three times for 30 s at power 6.5 (FastPrep Hybaid FP120HY-230, MPBio). Ribolysing matrix 

and cell debris were removed by centrifugation at 12,000 rpm (JA-15 1.5 rotor, Beckman Coulter) 

4°C for 10 minutes. The total RNA sample was then removed from the ribolysing tube and 
chloroform added. The sample was vortexed for 10 s and incubated at room temperature for 5 

minutes before centrifugation at 12,000 rpm (JA-15 1.5 rotor, Beckman Coulter) 4°C for 5 minutes. 

The aqueous phase was then transferred to a new tube and 1.5 volumes of 100% ethanol added. 

Samples were incubated at -20°C overnight and spun to pellet the RNA. The pellet was washed with 
75% ethanol, air dried and resuspended in nuclease-free water. A further acid-phenol chloroform 

extraction was performed to improve purity of the RNA before resuspending the final pellet in 

nuclease-free water. Genomic DNA contamination was assessed by PCR for 16S genomic DNA and, if 

present, samples were treated with DNase I followed by a further acid-phenol chloroform 
extraction. 

Next, samples were depleted of ribosomal RNA using the RiboZero rRNA removal kit for bacteria 

(Illumina) and purified using RNeasy MinElute columns (Qiagen). Finally, total RNA samples were 

then subjected to fragmentation using RNA fragmentation reagents (Thermo Fisher) at 80°C for 20 

minutes. The quantity and quality of the samples were assessed at each step using the bioanalyser 
and qubit. 

Library construction and sequencing 
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RPF and total RNA samples were converted to cDNA libraries as previously described (Latif et al 

2015). Briefly, samples were treated with T4 PNK (NEB) at 37ºC for 30 mins and purified using 
RNeasy MinElute columns (Qiagen). The NEBnext small RNA library prep kit (NEB) was used 

according to manufacturer’s guidelines to construct the multiplexed cDNA libraries. Multiplexed 

sequencing was performed by Cambridge Genomic Services using a NextSeq 500 (Illumina, San 

Diego, California) with single end reads of 75 bp. 

Genome mapping  

For the RPF reads, adaptors were removed from the 3’end of sequencing reads using Cutadapt 

(Martin, 2011) and only trimmed sequences longer than 20nt were kept for further analysis. Bowtie 
(Langmead et al., 2009) with default parameters was then used to align the trimmed sequences 

against a reference database containing M. tuberculosis ribosomal RNAs (rRNAs) and stable RNAs 

sequences downloaded from the Mycobrowser website (Kapopoulou et al., 2011). All aligned reads 
to rRNA were discarded, and the pool of rRNA-depleted RPF reads were finally aligned to the M. 

tuberculosis H37Rv reference genome (AL123456) using Bowtie and allowing for up to two 

mismatches in a seed length of 28 nt. Reads not aligning to a unique location were discarded. 

For the total RNA sequencing reads, Trimmomatic software (Bolger et al., 2014) was used to remove 

bases from the start and the end of the reads when its quality was below 20, and trimmed reads 
were mapped against the M. tuberculosis H37Rv reference genome as described above.  

Read densities analyses 

To gain more insight into ribosome position, a custom phyton script was used to assign ribosome 

occupancy to the 3’end of RPF reads as previously described (Balakrishnan et al., 2014; Nakahigashi 

et al., 2014; Woolstenhulme et al., 2015). This method yields higher resolution into ribosome 

positioning than the previous center-weighting method commonly applied to ribosome profiling 

studies in bacteria (Becker et al., 2013; Oh et al., 2011). After 3’ assignment, a custom phyton script 
was used to perform metagene analysis, which gives information on the distribution of ribosomes 

along an average message by averaging the read densities across all genes (Becker et al., 2013). Only 

genes greater than 300 nt and which are well-expressed (having more than 100 reads mapped and a 
minimum number of 1 read per codon along the gene region) were considered for analysis. This was 

used to generate plots of average ribosome occupancy for genes aligned at their start and stop 

codons. 

In E. coli, 3’assignment defines a strong peak of 1-2 nt width located 15 nt downstream of the first 

nucleotide of the start codon (Woolstenhulme et al., 2015), which corresponds to the distance from 
the P-site codon to the 3’ boundary of the E. coli ribosome (Hartz et al., 1988; Yusupov et al., 2001). 

In order to determine the P-site offset in our dataset, we used the 3’ assignment to perform 

metagene analysis at the stat codon for each read length between 20-40 nt, and then measured the 
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distance between the highest 3’ peak of the start codon and the start codon. As shown in 

Supplementary Figure S1A, this analysis revealed two populations of RPFs, with footprints between 
29-37 nt showing clearly defined initiation peaks, indicative of translating ribosomes, and shorter 

footprints showing less pronounced and defined initiation peaks. As our experimental protocol did 

not include a size selection step, based on this analysis, we decided to exclude shorter footprints 

from downstream analysis as they could represent pre-initiation complexes or other artefacts 
derived from the experimental procedure. After measuring the distances from the 3’end peaks to 

the start codon we could establish a default p-site offset of 14 nt for our dataset. Next we used this 

offset value of 14 nt and the set of RPFs from 29-37 nt to re-run the metagene analysis generating a 

plot of average ribosome occupancy for genes aligned at their start codon that clearly confirmed a 
pronounced peak at the first nucleotide of the start codon (Supplementary figure S7).  

Quantification of gene expression 

For the RPFs and total RNA reads, Bedtools (Quinlan and Hall, 2010) was used to calculate the read 

coverage for each genomic feature. Mycobrowser annotation (Release R1, November 2017) was 

used as the annotation reference of the M. tuberculosis genome (Kapopoulou et al., 2011). The 

overall expression rate for each gene was then calculated as reads per kilobase per million (RPKM) 
values for both RPFs and total RNA reads as previously described (Becker et al., 2013; Mortazavi et 

al., 2008). For the definition of 5’UTR regions, available data for transcriptional start sites in M. 

tuberculosis (Cortes et al., 2013) was integrated with the Mycobrowser annotation. Reliably 

quantified genes were those genes with at least 128 total read counts between the three replicates, 
ensuring that measurements were reliable and not dictated by sampling error (Ingolia et al., 

2009)(Supplementary figures S3 and S5C). Translation efficiencies (TEs) for reliable quantified genes 

were calculated by dividing the expression rates (RPKMs) of translation by those of transcription. 

Differential expression analysis 

For the differential expression analysis of RPFs and total RNA reads under nutrient starvation, 

genome coverage of reads mapping to genes was used for statistical testing using the DESeq2 R 
package (Love et al., 2014). Differentially expressed genes were considered when fold changes 

between exponential growth and starvation were greater or equal to 2-fold and the corresponding 

adjusted p value was less than 0.01. 

Shine-Dalgarno specificity analysis 

The Shine-Dalgarno sequence for each gene was found by searching for the canonical Shine-

Dalgarno motif (AGAAAGGAGG) in the 30 nucleotides upstream of the start coding using blast (-task 
blastn -word_size 4). The number of matches and location of the Shine-Dalgarno sequence was 

extracted by analysing the high-scoring segment pair output by blast. The association between TE 
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and Shine-Dalgarno strength was characterised by performing linear regression between TE and the 

number of matches and presence of a cores using the lm function in R.  

Statistical analysis 

The Spearman rank coefficient was used to determine correlations. GraphPad Prism version 8 for 

Mac (GraphPad Software, San Diego, California) was used to calculate all statistical tests as described 
in the text unless otherwise stated. Non-parametric tests were used to evaluate differences among 

TE comparisons and any other data that were not normally distributed.  
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Author contributions 

EBS and TC designed the research. EBS performed the experiments. JEP developed bioinformatic 

scripts, under the supervision of TGC. EBS, JEP and TC analysed the data. EBS and TC wrote the 

paper. TGC reviewed the paper. All authors read and approved the final manuscript. 

Acknowledgements 

The authors thank and acknowledge the support of Cambridge Genomic Services (Department of 

Pathology, University of Cambridge) who carried out the library quality control, pooling and 

sequencing. We thank Brendan Wren, Kristine Arnvig and Sam Willcocks for critical reading of the 

manuscript. This work was supported by funding from the European Research Council (ERC) under 

the European Union’s Horizon 2020 research and innovation programme (grant agreement No 
637730). TGC is funded by the Medical Research Council UK (Grant no. MR/M01360X/1, 

MR/N010469/1, MR/R025576/1, and MR/R020973/1) and BBSRC UK (Grant no. BB/R013063/1). 

Competing interests 

None to declare. 

References 

Aguilar-Ayala DA, Tilleman L, Van Nieuwerburgh F, Deforce D, Palomino JC, Vandamme P, Gonzalez-
Y-Merchand JA, Martin A. 2017. The transcriptome of Mycobacterium tuberculosis in a lipid-
rich dormancy model through RNAseq analysis. Sci Rep 7:1–13. doi:10.1038/s41598-017-
17751-x 

Andersson SGE, Sharp PM. 1996. Codon usage in the Mycobacterium tuberculosis complex. 
Microbiology 142:915–925. doi:10.1099/00221287-142-4-915 

Balakrishnan R, Oman K, Shoji S, Bundschuh R, Fredrick K. 2014. The conserved GTPase LepA 

.CC-BY-NC 4.0 International licensemade available under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is 

The copyright holder for this preprintthis version posted April 23, 2020. ; https://doi.org/10.1101/2020.04.22.055855doi: bioRxiv preprint 

https://doi.org/10.1101/2020.04.22.055855
http://creativecommons.org/licenses/by-nc/4.0/


 21 

contributes mainly to translation initiation in Escherichia coli. Nucleic Acids Res 42:13370–
13383. doi:10.1093/nar/gku1098 

Becker AH, Oh E, Weissman JS, Kramer G, Bukau B. 2013. Selective ribosome profiling as a tool for 
studying the interaction of chaperones and targeting factors with nascent polypeptide chains 
and ribosomes. Nat Protoc 8:2212–39. doi:10.1038/nprot.2013.133 

Betts JC, Lukey PT, Robb LC, McAdam RA, Duncan K. 2002. Evaluation of a nutrient starvation model 
of Mycobacterium tuberculosis persistence by gene and protein expression profiling. Mol 
Microbiol 43:717–731. doi:10.1046/j.1365-2958.2002.02779.x 

Bolger AM, Lohse M, Usadel B. 2014. Trimmomatic: A flexible trimmer for Illumina sequence data. 
Bioinformatics 30:2114–2120. doi:10.1093/bioinformatics/btu170 

Bunker RD, Mandal K, Bashiri G, Chaston JJ, Pentelute BL, Lott JS, Kent SBH, Baker EN. 2015. A 
functional role of Rv1738 in Mycobacterium tuberculosis persistence suggested by racemic 
protein crystallography. Proc Natl Acad Sci 112:4310–4315. doi:10.1073/pnas.1422387112 

Byrgazov K, Vesper O, Moll I. 2013. Ribosome heterogeneity: Another level of complexity in bacterial 
translation regulation. Curr Opin Microbiol. doi:10.1016/j.mib.2013.01.009 

Canestrari JG, Lasek-Nesselquist E, Upadhyay A, Rofaeil M, Champion MM, Wade JT, Derbyshire KM, 
Gray TA. 2020. Polycysteine-encoding leaderless short ORFs function as cysteine-responsive 
attenuators of operonic gene expression in mycobacteria. Mol Microbiol mmi.14498. 
doi:10.1111/mmi.14498 

Cao J, Geballe AP. 1995. Translational inhibition by a human cytomegalovirus upstream open reading 
frame despite inefficient utilization of its AUG codon. J Virol 69:1030–1036. 
doi:10.1128/jvi.69.2.1030-1036.1995 

Chen Y-X, Xu Z, Wang B-W, Ge X, Zhu J-H, Sanyal S, Lu ZJ, Javid B. 2019. Selective translation by 
alternative bacterial ribosomes. bioRxiv 605931. doi:10.1101/605931 

Cortes T, Schubert OT, Banaei-Esfahani A, Collins BC, Aebersold R, Young DB. 2017. Delayed effects 
of transcriptional responses in Mycobacterium tuberculosis exposed to nitric oxide suggest 
other mechanisms involved in survival. Sci Rep 7:8208. doi:10.1038/s41598-017-08306-1 

Cortes T, Schubert OT, Rose G, Arnvig KB, Comas I, Aebersold R, Young DB. 2013. Genome-wide 
Mapping of Transcriptional Start Sites Defines an Extensive Leaderless Transcriptome in 
Mycobacterium tuberculosis. Cell Rep 5:1121–1131. doi:10.1016/j.celrep.2013.10.031 

Dahl JL, Kraus CN, Boshoff HIM, Doan B, Foley K, Avarbock D, Kaplan G, Mizrahi V, Rubin H, Barry CE. 
2003. The role of RelMtb-mediated adaptation to stationary phase in long-term persistence of 
Mycobacterium tuberculosis in mice. Proc Natl Acad Sci U S A 100:10026–10031. 
doi:10.1073/pnas.1631248100 

de Souza GA, Leversen NA, Målen H, Wiker HG. 2011. Bacterial proteins with cleaved or uncleaved 
signal peptides of the general secretory pathway. J Proteomics 75:502–510. 
doi:10.1016/j.jprot.2011.08.016 

Deb C, Lee CM, Dubey VS, Daniel J, Abomoelak B, Sirakova TD, Pawar S, Rogers L, Kolattukudy PE. 
2009. A novel in vitro multiple-stress dormancy model for Mycobacterium tuberculosis 
generates a lipid-loaded, drug-tolerant, dormant pathogen. PLoS One 4. 
doi:10.1371/journal.pone.0006077 

Del Campo C, Bartholomäus A, Fedyunin I, Ignatova Z. 2015. Secondary Structure across the Bacterial 
Transcriptome Reveals Versatile Roles in mRNA Regulation and Function. PLOS Genet 
11:e1005613. doi:10.1371/journal.pgen.1005613 

Foster DL, Fillingame RH. 2009. Stoichiometry of Subunits in the H’-ATPase Complex of Escherichia 
coli, The Journal of Biological Chemistry. 

Galagan JE, Minch K, Peterson M, Lyubetskaya A, Azizi E, Sweet L, Gomes A, Rustad T, Dolganov G, 
Glotova I, Abeel T, Mahwinney C, Kennedy AD, Allard R, Brabant W, Krueger A, Jaini S, Honda B, 
Yu W-H, Hickey MJ, Zucker J, Garay C, Weiner B, Sisk P, Stolte C, Winkler JK, Van de Peer Y, 
Iazzetti P, Camacho D, Dreyfuss J, Liu Y, Dorhoi A, Mollenkopf H-J, Drogaris P, Lamontagne J, 
Zhou Y, Piquenot J, Park ST, Raman S, Kaufmann SHE, Mohney RP, Chelsky D, Moody DB, 

.CC-BY-NC 4.0 International licensemade available under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is 

The copyright holder for this preprintthis version posted April 23, 2020. ; https://doi.org/10.1101/2020.04.22.055855doi: bioRxiv preprint 

https://doi.org/10.1101/2020.04.22.055855
http://creativecommons.org/licenses/by-nc/4.0/


 22 

Sherman DR, Schoolnik GK. 2013. The Mycobacterium tuberculosis regulatory network and 
hypoxia. Nature 499:178–83. doi:10.1038/nature12337 

Gomez JE, McKinney JD. 2004. Mycobacterium tuberculosis persistence, latency, and drug 
toleranceTuberculosis. Churchill Livingstone. pp. 29–44. doi:10.1016/j.tube.2003.08.003 

Gordiyenko Y, Videler H, Zhou M, McKay AR, Fucini P, Biegel E, Müller V, Robinson C V. 2010. Mass 
spectrometry defines the stoichiometry of ribosomal stalk complexes across the phylogenetic 
tree. Mol Cell Proteomics 9:1774–1783. doi:10.1074/mcp.M000072-MCP201 

Griffin JE, Gawronski JD, DeJesus MA, Ioerger TR, Akerley BJ, Sassetti CM. 2011. High-resolution 
phenotypic profiling defines genes essential for mycobacterial growth and cholesterol 
catabolism. PLoS Pathog 7:e1002251. doi:10.1371/journal.ppat.1002251 

Haider S, Pal R. 2013. Integrated analysis of transcriptomic and proteomic data. Curr Genomics 
14:91–110. doi:10.2174/1389202911314020003 

Hartz D, McPheeters DS, Traut R, Gold L. 1988. Extension Inhibition Analysis of Translation Initiation 
Complexes. Methods Enzymol 164:419–425. doi:10.1016/S0076-6879(88)64058-4 

Hughes TA. 2006. Regulation of gene expression by alternative untranslated regions. Trends Genet. 
doi:10.1016/j.tig.2006.01.001 

Ingolia NT, Ghaemmaghami S, Newman JRS, Weissman JS. 2009. Genome-Wide Analysis in Vivo of 
Translation with Nucleotide Resolution Using Ribosome Profiling. Science (80- ) 324:218–223. 
doi:10.1126/science.1168978 

Kapopoulou A, Lew JM, Cole ST. 2011. The MycoBrowser portal: A comprehensive and manually 
annotated resource for mycobacterial genomes. Tuberculosis 91:8–13. 
doi:10.1016/j.tube.2010.09.006 

Kempsell KE, E Estrada-g IC, Joseph Colston M, Cox RA. 1992. The nucleotide sequence of the 
promoter, 16s rRNA and spacer region of the ribosomal RNA operon of Mycobacterium 
tuberculosis and comparison with Mycobacterium leprae precursor rRNA, Journal of General 
Microbiology. 

Langmead B, Trapnell C, Pop M, Salzberg SL. 2009. Ultrafast and memory-efficient alignment of short 
DNA sequences to the human genome. Genome Biol 10:R25. doi:10.1186/gb-2009-10-3-r25 

Latif H, Szubin R, Tan J, Brunk E, Lechner A, Zengler K, Palsson BO. 2015. A streamlined ribosome 
profiling protocol for the characterization of microorganisms. Biotechniques 58:329–332. 
doi:10.2144/000114302 

Li GW. 2015. How do bacteria tune translation efficiency? Curr Opin Microbiol. 
doi:10.1016/j.mib.2015.01.001 

Li GW, Burkhardt D, Gross C, Weissman JS. 2014. Quantifying absolute protein synthesis rates 
reveals principles underlying allocation of cellular resources. Cell 157:624–635. 
doi:10.1016/j.cell.2014.02.033 

Love MI, Huber W, Anders S. 2014. Moderated estimation of fold change and dispersion for RNA-seq 
data with DESeq2. Genome Biol 15:550. doi:10.1186/s13059-014-0550-8 

Lu P, Lill H, Bald D. 2014. ATP synthase in mycobacteria: Special features and implications for a 
function as drug target. Biochim Biophys Acta - Bioenerg. doi:10.1016/j.bbabio.2014.01.022 

Ma J, Campbell A, Karlin S. 2002. Correlations between Shine-Dalgarno Sequences and Gene 
Features and Operon Structures. J Bacteriol 184:5733–5745. doi:10.1128/JB.184.20.5733 

Målen H, Pathak S, Søfteland T, de Souza GA, Wiker HG. 2010. Definition of novel cell envelope 
associated proteins in Triton X-114 extracts of Mycobacterium tuberculosis H37Rv. BMC 
Microbiol 10:132. doi:10.1186/1471-2180-10-132 

Martin M. 2011. Cutadapt removes adapter sequences from high-throughput sequencing reads. 
EMBnet.journal 17:10. doi:10.14806/ej.17.1.200 

Martini MC, Zhou Y, Sun H, Shell SS. 2019. Defining the transcriptional and post-transcriptional 
landscapes of mycobacterium smegmatisin aerobic growth and hypoxia. Front Microbiol 
10:591. doi:10.3389/fmicb.2019.00591 

Mishra S, Ahmed T, Tyagi A, Shi J, Bhushan S. 2018. Structures of Mycobacterium smegmatis 70S 

.CC-BY-NC 4.0 International licensemade available under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is 

The copyright holder for this preprintthis version posted April 23, 2020. ; https://doi.org/10.1101/2020.04.22.055855doi: bioRxiv preprint 

https://doi.org/10.1101/2020.04.22.055855
http://creativecommons.org/licenses/by-nc/4.0/


 23 

ribosomes in complex with HPF, tmRNA, and P-tRNA. Sci Rep 8:13587. doi:10.1038/s41598-
018-31850-3 

Mohammad F, Green R, Buskirk AR. 2019. A systematically-revised ribosome profiling method for 
bacteria reveals pauses at single-codon resolution. Elife 8:e42591. doi:10.7554/elife.42591 

Moll I, Bläsi U. 2002. Differential inhibition of 30S and 70S translation initiation complexes on 
leaderless mRNA by kasugamycin. Biochem Biophys Res Commun 297:1021–1026. 
doi:10.1016/S0006-291X(02)02333-1 

Morris DR, Geballe AP. 2000. Upstream Open Reading Frames as Regulators of mRNA Translation. 
Mol Cell Biol 20:8635–8642. doi:10.1128/mcb.20.23.8635-8642.2000 

Mortazavi A, Williams BA, McCue K, Schaeffer L, Wold B. 2008. Mapping and quantifying mammalian 
transcriptomes by RNA-Seq. Nat Methods 5:621–628. doi:10.1038/nmeth.1226 

Nakahigashi K, Takai Y, Shiwa Y, Wada M, Honma M, Yoshikawa H, Tomita M, Kanai A, Mori H. 2014. 
Effect of codon adaptation on codon-level and gene-level translation efficiency in vivo. BMC 
Genomics 15:1115. doi:10.1186/1471-2164-15-1115 

Namouchi A, Gómez-Muñoz M, Frye SA, Moen LV, Rognes T, Tønjum T, Balasingham S V. 2016. The 
Mycobacterium tuberculosis transcriptional landscape under genotoxic stress. BMC Genomics 
17:791. doi:10.1186/s12864-016-3132-1 

Nguyen TG, Vargas-Blanco DA, Roberts LA, Shell SS. 2020. The impact of leadered and leaderless 
gene structures on translation efficiency, transcript stability, and predicted transcription rates 
in Mycobacterium smegmatis. J Bacteriol. doi:10.1101/857003 

Oh E, Becker AH, Sandikci A, Huber D, Chaba R, Gloge F, Nichols RJ, Typas A, Gross CA, Kramer G, 
Weissman JS, Bukau B. 2011. Selective ribosome profiling reveals the cotranslational 
chaperone action of trigger factor in vivo. Cell 147:1295–1308. doi:10.1016/j.cell.2011.10.044 

Park S, Klotzsche M, Wilson DJ, Boshoff HI, Eoh H, Manjunatha U, Blumenthal A, Rhee K, Barry CE, 
Aldrich CC, Ehrt S, Schnappinger D. 2011. Evaluating the sensitivity of Mycobacterium 
tuberculosis to biotin deprivation using regulated gene expression. PLoS Pathog 7:e1002264. 
doi:10.1371/journal.ppat.1002264 

Quinlan AR, Hall IM. 2010. BEDTools: A flexible suite of utilities for comparing genomic features. 
Bioinformatics 26:841–842. doi:10.1093/bioinformatics/btq033 

Rengarajan J, Bloom BR, Rubin EJ. 2005. Genome-wide requirements for Mycobacterium tuberculosis 
adaptation and survival in macrophages. Proc Natl Acad Sci U S A 102:8327–8332. 
doi:10.1073/pnas.0503272102 

Rohde KH, Veiga DFT, Caldwell S, Balázsi G, Russell DG. 2012. Linking the transcriptional profiles and 
the physiological states of Mycobacterium tuberculosis during an extended intracellular 
infection. PLoS Pathog 8. doi:10.1371/journal.ppat.1002769 

Ruan H, Hill JR, Fatemie-Nainie S, Morris DR. 1994. Cell-specific translational regulation of S-
adenosylmethionine decarboxylase mRNA. Influence of the structure of the 5’ transcript leader 
on regulation by the upstream open reading frame. J Biol Chem 269:17905–17910. 

Rustad TR, Minch KJ, Ma S, Winkler JK, Hobbs S, Hickey M, Brabant W, Turkarslan S, Price ND, Baliga 
NS, Sherman DR. 2014. Mapping and manipulating the Mycobacterium tuberculosis 
transcriptome using a transcription factor overexpression-derived regulatory network. Genome 
Biol 15:502. doi:10.1186/s13059-014-0502-3 

Rustad TR, Sherrid AM, Minch KJ, Sherman DR. 2009. Hypoxia: A window into Mycobacterium 
tuberculosis latency. Cell Microbiol. doi:10.1111/j.1462-5822.2009.01325.x 

Saito K, Green R, Buskirk AR. 2020. Translational initiation in Escherichia coli occurs at the correct 
sites genome-wide in the absence of mRNA-rRNA base-pairing. Elife 9. doi:10.7554/eLife.55002 

Sawyer EB, Grabowska AD, Cortes T. 2018. Translational regulation in mycobacteria and its 
implications for pathogenicity. Nucleic Acids Res 46:6950–6961. doi:10.1093/nar/gky574 

Schrader JM, Zhou B, Li G-W, Lasker K, Childers WS, Williams B, Long T, Crosson S, McAdams HH, 
Weissman JS, Shapiro L. 2014. The Coding and Noncoding Architecture of the Caulobacter 
crescentus Genome. PLoS Genet 10:e1004463. doi:10.1371/journal.pgen.1004463 

.CC-BY-NC 4.0 International licensemade available under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is 

The copyright holder for this preprintthis version posted April 23, 2020. ; https://doi.org/10.1101/2020.04.22.055855doi: bioRxiv preprint 

https://doi.org/10.1101/2020.04.22.055855
http://creativecommons.org/licenses/by-nc/4.0/


 24 

Shasmal M, Sengupta J. 2012. Structural Diversity in Bacterial Ribosomes: Mycobacterial 70S 
Ribosome Structure Reveals Novel Features. PLoS One. doi:10.1371/journal.pone.0031742 

Shell SS, Wang J, Lapierre P, Mir M, Chase MR, Pyle MM, Gawande R, Ahmad R, Sarracino DA, 
Ioerger TR, Fortune SM, Derbyshire KM, Wade JT, Gray TA. 2015. Leaderless Transcripts and 
Small Proteins Are Common Features of the Mycobacterial Translational Landscape. PLoS 
Genet 11:e1005641. doi:10.1371/journal.pgen.1005641 

Shi Z, Fujii K, Kovary KM, Genuth NR, Röst HL, Teruel MN, Barna M. 2017. Heterogeneous Ribosomes 
Preferentially Translate Distinct Subpools of mRNAs Genome-wide. Mol Cell 67:71-83.e7. 
doi:10.1016/J.MOLCEL.2017.05.021 

Smith C, Canestrari JG, Wang J, Derbyshire KM, Gray TA, Wade JT. 2019. Pervasive Translation in 
Mycobacterium tuberculosis. bioRxiv 665208. doi:10.1101/665208 

Starosta AL, Lassak J, Jung K, Wilson DN. 2014. The bacterial translation stress response. FEMS 
Microbiol Rev. doi:10.1111/1574-6976.12083 

Stewart GR, Robertson BD, Young DB. 2003. Tuberculosis: A problem with persistence. Nat Rev 
Microbiol 1:97–105. doi:10.1038/nrmicro749 

Stewart GR, Wernisch L, Stabler R, Mangan JA, Hinds J, Laing KG, Young DB, Butcher PD. 2002. 
Dissection of the heat-shock response in Mycobacterium tuberculosis using mutants and 
microarraysa. Microbiology 148:3129–3138. 

Thomason MK, Bischler T, Eisenbart SK, Förstner KU, Zhang A, Herbig A, Nieselt K, Sharma CM, 
Storza G. 2015. Global transcriptional start site mapping using differential RNA sequencing 
reveals novel antisense RNAs in Escherichia coli. J Bacteriol 197:18–28. doi:10.1128/JB.02096-
14 

Trauner A, Lougheed KEA, Bennett MH, Hingley-Wilson SM, Williams HD. 2012. The dormancy 
regulator DosR controls ribosome stability in hypoxic mycobacteria. J Biol Chem 287:24053–
24063. doi:10.1074/jbc.M112.364851 

Tuller T, Waldman YY, Kupiec M, Ruppin E. 2010. Translation efficiency is determined by both codon 
bias and folding energy. Proc Natl Acad Sci U S A 107:3645–3650. 
doi:10.1073/pnas.0909910107 

Werner M, Feller A, Messenguy F, Piérard A. 1987. The leader peptide of yeast gene CPA1 is 
essential for the translational repression of its expression. Cell 49:805–813. doi:10.1016/0092-
8674(87)90618-0 

Woolstenhulme CJ, Guydosh NR, Green R, Buskirk AR. 2015. High-Precision analysis of translational 
pausing by ribosome profiling in bacteria lacking EFP. Cell Rep 11:13–21. 
doi:10.1016/j.celrep.2015.03.014 

Xue S, Barna M. 2012. Specialized ribosomes: a new frontier in gene regulation and organismal 
biology. Nat Rev Mol Cell Biol 13:355–369. doi:10.1038/nrm3359 

Yusupov MM, Yusupova GZ, Baucom A, Lieberman K, Earnest TN, Cate JHD, Noller HF. 2001. Crystal 
structure of the ribosome at 5.5 Å resolution. Science (80- ) 292:883–896. 
doi:10.1126/science.1060089 

 
  

.CC-BY-NC 4.0 International licensemade available under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is 

The copyright holder for this preprintthis version posted April 23, 2020. ; https://doi.org/10.1101/2020.04.22.055855doi: bioRxiv preprint 

https://doi.org/10.1101/2020.04.22.055855
http://creativecommons.org/licenses/by-nc/4.0/



