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SUMMARY 
 
Studies dating back to the 1970s established that binding between the anti-Shine-Dalgarno (aSD) 
sequence on prokaryotic ribosomes and mRNA helps to facilitate translation initiation. The 
location of aSD binding relative to the start codon, the full extents of the aSD sequence, and the 
functional form of the relationship between aSD binding and translation efficiency are important 
parameters that remain ill defined in the literature. Here, we leverage genome-wide estimates of 
translation efficiency to determine these parameters and show that anti-Shine-Dalgarno 
sequence binding increases the translation of endogenous mRNAs on the order of 50%. Our 
findings highlight the non-linearity of this relationship, showing that translation efficiency is 
maximized for sequences with intermediate aSD binding strengths. These mechanistic insights 
are highly robust; we find nearly identical results in ribosome profiling datasets from 3 highly 
diverged bacteria, as well as independent genome-scale estimates and controlled experimental 
data using recombinant GFP expression.  
 

INTRODUCTION 
 
The abundance of different protein species within a single cell can vary by several orders of 
magnitude, and multiple points of control are critical for tuning the expression of individual 
proteins over such a wide-range(Dekel and Alon, 2005; Kudla et al., 2009; Salis et al., 2009; 
Taniguchi et al., 2010). Transcription of the gene of interest is a necessary first step in the 
pathway of gene expression but, by itself, transcription is insufficient to ensure protein 
expression; studies in a variety of organisms have shown that mRNA abundances only modestly 
predict protein abundances (Guimaraes et al., 2014; Lu et al., 2007; Schwanhäusser et al., 2011; 
Taniguchi et al., 2010; Vogel and Marcotte, 2012; Vogel et al., 2010). Although the magnitude of 
these correlations remains open to debate, it is clear that the rate at which different mRNA 
species are translated into their protein product is a significant source of variation in protein 
abundance and a point of regulation(Csárdi et al., 2015; J. J. Li et al., 2014).  
 
In studies dating back to the 1970s, researchers noted that a strong interaction between the 16S 
ribosomal-RNA and the 5’ untranslated region (UTR)  of mRNAs is important for overall 
translation efficiency—defined here as the number of protein molecules made per mRNA per unit 
time—by enhancing translation initiation in prokaryotes(Shine and Dalgarno, 1974). The strength, 
optimal distance to the start codon, and structural accessibility of this anti-Shine-Dalgarno::Shine-
Dalgarno (aSD::SD) interaction all play a crucial role in modulating the rates of translation 
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initiation and thus protein abundance variation(Barrick et al., 1994; Chen et al., 1994; de Smit and 
van Duin, 1994, 1990; Rinke-Appel et al., 1994). More recently, multiple studies have reinforced 
this paradigm and continue to elucidate the finer details about the importance of translation 
initiation signals, such as highlighting the fact that the surrounding nucleotides may constrain SD 
sequence evolution due to mRNA structural constraints(Barendt et al., 2013; Bentele et al., 2013; 
Espah Borujeni et al., 2014; Goodman et al., 2013; Hockenberry et al., 2014; Kosuri et al., 2013; 
Mutalik et al., 2013).  
 
The aSD motif is highly conserved across prokaryotic taxa, indicating a strong conservation of its 
mechanism(Lim et al., 2012; Nakagawa et al., 2010). However, not all genes within a given 
species initiate via the aSD::SD mechanism and there is a large heterogeneity of SD sequence 
usage between different organisms: studies have reported that over 90% of the genes from some 
organisms are preceded by an identifiable SD sequence while for other organisms this number 
can be as low as 10%(Calogero et al., 1988; Cortes et al., 2013; Kramer et al., 2014; Nakagawa 
et al., 2010).  
 
Over the past 20 years, a number of different studies have analyzed various facets of translation 
initiation sequence variation across bacteria, but definitions about which genes to consider as 
“SD genes” varies broadly (Chang et al., 2006; Ma et al., 2002; Na et al., 2010; Nakagawa et al., 
2010; Sakai et al., 2001; Salis et al., 2009; Starmer et al., 2006; Zheng et al., 2011). The main 
differences concern where to look upstream of the start codon for a putative SD sequence and 
what bases of the 16S rRNA sequence to consider as the aSD sequence when assessing binding 
strength to the 5’ UTR of mRNAs (Figure 1A). Experimental studies present a well-controlled 
system to interrogate these mechanisms, but it’s unclear whether conclusions from experimental 
investigations of recombinant genes are valid or relevant at the genome-scale given the 
complexity of interactions and constraints on coding sequence evolution. Towards this end, 
recent studies have suggested that the aSD binding strength shows no relationship with the 
measured translation efficiency of endogenous genes at the genome-scale (G.-W. Li et al., 2014; 
Li, 2015; Schrader et al., 2014).  
 
Ribosome profiling enables examination of protein translation for thousands of endogenous 
transcripts in a single experiment, providing unprecedented insight into the mechanisms of 
translation at the genome scale (Ingolia et al., 2009). Application of this technique to multiple 
organisms has already enhanced our understanding of translational regulation, stoichiometric 
protein production, determinants of elongation speed, and genome annotation(Ingolia et al., 2009; 
G.-W. Li et al., 2014; Li et al., 2012; Schrader et al., 2014). Here, we investigate whether these 
ribosome profiling based estimates of translation efficiencies can be leveraged to precisely define 
the relevant parameters associated with aSD::SD sequence interaction in endogenous genes. 
Our analysis yields data-driven definitions for the optimal distance of aSD binding to the start 
codon and the extent of the aSD sequence. We further highlight a highly conserved non-linear 
relationship between aSD binding and translation efficiency of endogenous genes whereby 
intermediate aSD binding strengths maximize translation efficiency. We confirm these findings in 
independent genome-scale and experimental datasets, and in doing so highlight the robustness 
of our conclusions while validating that the size of this effect is greatly enhanced given less noisy 
experimental data. 
 
RESULTS 

Deriving translation efficiency measurements from Ribo- and RNA-seq 
 
For a given mRNA, ribosome density maps derived from ribosome profiling (Ribo-seq) can be 
used to illustrate regions of relatively fast and slow translation. When used in conjunction with 
RNA sequencing (RNA-seq) to estimate mRNA abundances, this data can also be used to 
roughly quantify relative translation efficiency (RTE) on a per gene basis. However, it is important 
to note that estimates of RNA abundances and ribosome occupancies are both error-prone due 
to biological noise as well as the numerous steps in the experimental process that may introduce 
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systemic bias(Lahens et al., 2014; Miettinen and Bjorklund, 2014; Mohammad et al., 2016; 
Steijger et al., 2013; Zupanic et al., 2014). Thus, RTE is a particularly error-prone measurement 
because uncertainty is compounded when dividing two noisy values. We therefore established 
several quality controls for gene inclusion (see Materials and Methods). Following on the previous 
work of others(G.-W. Li et al., 2014; Schrader et al., 2014), we then we calculated relative 
translation efficiency (RTE) per gene as: 
 
    𝑅𝑇𝐸! =

!"#$!"#$!!"#,!

!"#$!"#!!"!,!
    (1) 

 
where RPKMRibo-seq and RPKMRNA-seq are reads per kilobase per million mapped reads for a gene, 
i,  obtained through ribosome profiling and RNA-seq, respectively. Using the original Ribo- and 
RNA-seq mappings provided by three separate studies in rich media for E. coli, C. crescentus, 
and B. subtilis we derived measurements of translation efficiency for 2910, 1833, and 2385 
genes, respectively (Supporting Fig. 1)(G.-W. Li et al., 2014; Schrader et al., 2014; Subramaniam 
et al., 2013). While this metric relies on some crucial assumptions, such as equivalent elongation 
rates between genes, prior work has shown that these assumptions are generally valid(G.-W. Li 
et al., 2014); a noise-free RTE metric calculated in this manner should be highly correlated with 
‘true’ translation efficiencies as we have defined it for all but the most extreme cases of genes 
with highly irregular elongation and/or termination patterns.  
 
As others have noted, mRNA structure surrounding the start codon is known to influence 
translation initiation, perhaps playing a dominant role in determining translation efficiency(de Smit 
and van Duin, 1990; Gu et al., 2010; Hockenberry et al., 2014; Kudla et al., 2009; G.-W. Li et al., 
2014). We confirmed this finding by showing that log-transformed translation efficiencies in all 
three organisms had highly significant correlations with the predicted degree of mRNA secondary 
structure (Δ𝐺!"#$%&') in the initiation region (defined here as -30 to +30 nucleotides relative to the 
start codon) (R2

 = 0.13, 0.10, and 0.08 for E. coli, C. crescentus, and B. subtilis, p<10-43 for all 
cases). Given the strength of this correlation (Supporting Fig. 2), moving forward we analyze the 
residuals from this predictive model (in units of log-scaled translation efficiency) in order to 
determine what role, if any, aSD-binding strength has in modulating translation efficiency: 
 
      𝑟! = 𝑅𝑇𝐸! − 𝑅𝑇𝐸!     (2) 
  
where 𝑅𝑇𝐸! is the relative translation efficiency of gene i , and 𝑅𝑇𝐸! is the estimate for genei 
derived from the regression on Δ𝐺!"#$!!" for each organism. We include this step to alleviate the 
source of biological variation associated with cis-structure, but note that these computational 
predictions introduce further technical error due to the at best modest correlation between 
computationally predicted structures and their in vivo counterparts. 
 
Defining the optimal distance to the start codon and species specific aSD sequences 
 
Using the residual RTE values above, we took a systematic approach in order to determine first 
where to look, in an unbiased manner, relative to the start codon for the signal of aSD binding 
under the assumption that the true value of this parameter should show the strongest correlation 
between binding strength and residual RTE values. For each gene, we calculated the 
hybridization energy of the core aSD sequence (5’-CCUCC-3’) to each sequential 5-nucleotide 
segment upstream of the start codon (Fig. 2A). Hereafter, we will refer directly to the location 
(relative to the start codon) as the number of bases between the farthest 5’ base included in the 
putative aSD sequence, corresponding to the aligned spacing(Chen et al., 1994). We asked how 
well the binding energies at a particular location for all genes performed at predicting our model 
residuals via both 1st and 3rd order polynomial regression (to account for a potentially non-
monotonic relationship).  
 
In Fig 2B we show the data for a distance to the start codon of -7 nucleotides (representing 7 
unpaired nucleotides before the 5’-aSD base of ‘C’ in this example). We show both the first and 
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third order fits for the translation efficiency data from E. coli; both correlations are small yet 
nevertheless highly significant (F test, p<10-16). In Fig. 2C, we show the adjusted-R2 (R2

adj) 
resulting from repeating the correlations shown in Fig. 2B for each indicated spacing. We utilize 
the R2

adj metric hereafter because unlike R2 this adjusted metric penalizes for increasing 
parameter numbers associated with more complex models and thus helps guard against over-
fitting our model to the data. The sharpness of this peak indicates that even despite the 
measurement noise we are able to detect a clear and highly robust relationship between aSD 
binding to the 5’ UTR of mRNAs and translation efficiency. The 3rd order polynomial model was 
slightly more predictive at this stage, so we present our data in the form of 3rd order polynomial 
regressions hereafter except where otherwise noted. 
 
We repeated the above analysis for different putative aSD sequences extending in the 5’ and 3’ 
directions at different binding locations and observed significantly enhanced R2

adj values and a 
slight repositioning of the optimal distance to the start codon (Fig. 3A,B). We finally explored a 
range of variants that include extensions on both ends to determine the optimally predictive aSD 
sequence and distance parameters for the given dataset (Fig. 3B). Several of these putative aSD 
sequences produced similar results so we used the shortest sequence amongst these candidates 
(5’-ACCUCCUUA-3’) but stress that our methodology can likely not discriminate these boundaries 
precisely giving the small differences between putative aSDs with single base additions/deletions. 
While the overall correlation coefficient in this best fit model is still modest (R2

adj = 0.041), the 
significance of this finding is extremely high (p<10-27) indicating that despite the potentially large 
error in RTE estimates, we are nevertheless able to observe a highly significant underlying 
relationship. We further observed that the 3rd order model for this longer aSD sequence results in 
an R2

adj value, relative to the 1st order model, that is larger than previously observed for the 
smaller 5’-CCUCC-3’ putative aSD sequence (Fig. 3C). Thus, these data indicate that core aSD 
sequence binding shows a roughly linear relationship with RTE but the inclusion of flanking 
sequences results in both increasing predictive power as well as increasing non-linearity in the 
underlying relationship.  
 
The relationship between aSD binding and translation efficiency 
 
In order to test the generality of our findings for E. coli, we next investigated the optimal aSD 
sequence for two other organisms: B. subtilis and C. crescentus. We found that the 5’ extensions 
are similar for the different organisms studied with B. subtilis showing preference for a slightly 
longer 5’ aSD extension, a finding that is in-line with prior observations that the canonical SD 
sequence in B. subtilis 5’ UTRs appears shifted upstream of the start codon (Fig. 1B). We further 
found that species-specific 3’ extensions to the 16S rRNA continue to result in enhanced 
correlations and thus are likely to participate in message discrimination for these two organisms 
(Supporting Figs. 3, 4). For C. crescentus the aSD sequence that we obtained from our data-
driven model is 5’-CCUCCUUUC-3’ while for B. subtilis the corresponding sequence is the 
extended 5’-UCACCUCCUUUCUA-3’. However, as with E. coli, it is difficult to discern whether 
single base additions/deletions to the ends of these putative aSD sequences are functional (Fig. 
4A).  
 
Despite the vast evolutionary distance between these species, the functional form of the best 
fitting models was highly similar for all three, showing the highest values for intermediate binding 
strengths with similar predictive powers in the 3rd order model (R2

adj
 = 0.041, 0.028, and 0.056, for 

all cases p<10-12) (Fig. 4B). We further verified that higher order polynomials provide a superior fit 
to the data even when penalizing for the increased parameter number via the use of R2

adj and the 
Akaike Information Criterion (AIC), a stringent model selection metric used to judge the relative 
quality of fits (Supporting Fig. 5). 
 
In order to show the magnitude of the observed, we split the data for each organism into equally 
sized quintile bins (i.e. the 20% strongest binding genes, through to the 20% weakest binding 
genes). Notably, treating the data this way involves no model fitting and in doing so, we observe 
that: (i) the average gene which binds the aSD sequence at the intermediate-to-strong binding 
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strength level shows a 30-50% increase in translation efficiency compared to an average gene 
that binds the aSD very weakly (Fig. 4C) and (ii) the strongest binding quintile of genes exhibits 
either decreased or equivalent translation efficiency compared to the bin with intermediate-to-
strong aSD binding strength. This suggests that sequences that bind too strongly to the aSD 
sequence may actually show reduced translation efficiency of down stream genes, a point that 
has support from several prior studies in the literature(Komarova et al., 2002; Ringquist et al., 
1995).  
 
Given recent concerns in the literature about the possibility of biases arising from the size 
selection step of prokaryotic ribosome profiling studies, we analyzed two further E. coli datasets 
(n=1278 and 1321) from an independent lab generated in such a way as to minimize potential 
sources of error(Mohammad et al., 2016). We observed nearly identical results to the previous E. 
coli dataset (Supporting Fig. 6). For both replicates, the 5’-ACCUCCUUA-3’ aSD sequence at a 
distance of -5 provided the best fit to the data with corresponding R2

adj values of 0.06 and 0.07 for 
the best fitting 3rd order polynomial and effect sizes of 45% and 50%. While illustrating the 
robustness of our results for a given organism across multiple independent datasets, this analysis 
also highlights the sensitivity of R2

adj to noise (we observed a roughly 50% increase with these 
data) and the relative insensitivity of the effect size. 
 
Translation efficiency in other data sets 
Ribosome profiling provides unprecedented insight into genome-wide translation patterns, but 
measuring translation efficiency in this manner is error prone. To address this issue, we utilized 
an independent data set from Taniguchi et al. who estimated protein production per mRNA from 
the green fluorescent protein (GFP)-tagged single-cell protein distributions for 1018 E. coli genes 
(see Materials and Methods) (Taniguchi et al., 2010). Using their data, we performed the same 
analysis as above and observed nearly identical results to those seen in Fig. 4 for E. coli. In other 
words, the data exhibit a maximum at intermediate-to-strong aSD binding strengths (Fig. 5A,B). 
When we limit our analysis to genes with progressively more stringent signal to error ratios, the 
magnitude of the R2

adj gets larger such that in the 20% of genes with the highest confidence 
measurements (n=204) we find that 5’-ACCUCCUUA-3’ binding at a spacing of -5 predicts RTE 
with an R2

adj of 0.10 (p<10-5, compared to R2
adj =0.064 for the linear fit) (Supporting Fig. 7). 

 
Finally, although our interest here is in the relationship between aSD sequence binding to mRNAs 
of endogenous genes, we further verified our main conclusions using a controlled experimental 
dataset (Kosuri et al., 2013). Kosuri et al. measured the strength of 111 ribosome binding sites 
(RBS) and 114 promoters by creating constructs whereby each promoter/RBS combination drove 
expression of a downstream GFP reporter (see Materials and Methods). By measuring the 
resulting protein and mRNA levels, the authors were able to determine, for each RBS, the 
average protein per mRNA across the different constructs (as above, we refer to this 
protein/mRNA metric as RTE for simplicity). We observed that a 3rd order polynomial model 
provided a better fit to the data than a 1st order linear model (R2

adj = 0.37 and 0.316, respectively, 
p<10-10 in both cases) (Fig. 5C). We also observed that the intermediate binding quintile 
produced RTE values 85% higher than the weakest binding quintile and a plateau or slight 
decrease in RTE for the strongest binding quintile of RBS sequences (Fig. 5D). This provides 
further support for our conclusion that translation efficiency is maximized at intermediate aSD 
binding strengths. Although the relationship between aSD binding strength and translation in 
heterologous genes was previously known, this experimental data confirms our genome-scale 
findings that having an intermediate strength aSD binding sequence upstream of a gene can 
significantly enhance downstream translation.  
 
DISCUSSION 
 
Our work illustrates that there is a strong relation between aSD sequence binding and the 
translation of endogenous genes. We show that genome-scale methods such as ribosome 
profiling can be leveraged to refine our understanding of basic mechanisms of translation 
regulation. Specifically, we demonstrate that (i) aSD binding to mRNA is predictive of translation 
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efficiencies for endogenous genes within a relatively narrow window relative to the start codon, (ii) 
slight changes in the putative aSD sequence result in an array of different statistical conclusions 
allowing us to determine a data-driven definition of the optimal aSD for each species and (iii) 
intermediate binding strengths between the aSD sequence 5’ UTRs maximize the translation 
efficiency of downstream genes in all datasets that we encountered.   
 
A variety of prior bioinformatics studies have made important contributions to our understanding 
of translation initiation, however the range of different definitions used to categorize the aSD 
binding relationship is cause for concern. We show that even small changes in this definition can 
result in different statistical findings within the same dataset. Indeed, several previous studies 
failed to show any association between aSD binding strengths and translation efficiency 
measured via ribosome profiling, a fact that we resolve here and attribute largely to differences in 
the definition of relevant parameters for this interaction (G.-W. Li et al., 2014; Schrader et al., 
2014).  
 
As others have noted, by stabilizing the components necessary for translation initiation, the 
presence of a strong binding sequence likely prevents premature disassociation of the initiation 
complex. However, if the aSD sequence binds too tightly to the 5’ UTR, it may be difficult to break 
this interaction and enter the elongation phase of translation (Li et al., 2012). Our model, which 
has support from several prior studies in the literature, postulates that the relationship between 
aSD binding and overall translation efficiency is thus non-linear with translation efficiency 
maximized at intermediate binding strengths between the aSD sequence and mRNA (Fig. 6) 
(Guimaraes et al., 2014; Komarova et al., 2002; Ringquist et al., 1995). In each dataset that we 
analyzed, we observed the same consistent trend; translation efficiencies show a maximum at 
intermediate aSD binding strengths. Studies that fail to observe this drop-off at high binding 
strengths may simply fail to access the strongest binding sequences. Since we have shown that 
the difference between 1st and 3rd order models is relatively minor when investigating binding to 
short aSD sequences, sequences with perfect complementarity to the core aSD sequence may 
indeed show a roughly linear increase in translation efficiencies. However, when considering 
longer aSD sequences perfect complementary becomes detrimental as it begins to include 
flanking sequences.  
 
While our methodology allows us to show that there is a significant relationship between aSD 
binding strength and translation efficiency of downstream genes, it is nevertheless surprising that 
the predictive power of this relationship is so low given that: (i) the aSD sequence is so highly 
conserved, and (ii) experimental investigations have seen large changes in protein output when 
modulating 5’ UTR sequence binding to the aSD via sequence changes in the mRNA(Salis et al., 
2009). However, as we have stressed throughout, we note again here that our findings are likely 
to represent a lower bound on the predictive power of this interaction for several reasons. 
Genome-scale metrics are subject to both technical and biological noise, and translation 
efficiency as a metric will particularly suffer from this noise due to error-propagation. Further, 
mRNA folding around the start codon is known to exert a large affect on translation efficiencies 
and our computational approximations are at best rough approximations of the true structure for 
any gene(Park et al., 2013). It is thus reasonable to assume that these sources of noise 
contribute to lowering the expected “perfect” correlations far below 1.0 as has been shown in 
other systems(Csárdi et al., 2015). Nevertheless, the underlying relationship that we observe is 
strong enough to overcome these concerns leading to statistically significant correlations in all 
datasets that we investigated. 
 
Continued development and application of the ribosome profiling technique and associated 
technologies to diverse organisms will be critical for clarifying a number of outstanding questions 
in the field of translation regulation. We show that these genome-scale studies can be leveraged 
to provide insight into basic biological mechanisms and this will only continue as we gain data for 
more and more species and continue to understand and limit sources of experimental noise. A 
better understanding of the rules governing translation initiation and translation efficiency from 
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this systems viewpoint has the practical potential to enhance our ability to design and engineer 
optimal protein expression systems for a host of biotechnological purposes. 
 
MATERIAL AND METHODS 
 
The data and relative translation efficiency 
 
We downloaded ribosome profiling reads and corresponding RNA-sequencing reads for E. coli, 
C. crescentus, and B. subtilis(G.-W. Li et al., 2014; Schrader et al., 2014; Subramaniam et al., 
2013). For our analysis, we used the original researchers mapping of sequence reads to the 
respective genomes (.wig files) and removed genes with coverage below 25% in either the RNA-
seq or ribosome profiling data-sets in order to enrich for high confidence translation efficiency 
measurements given the problem of noisy data. We also removed from our analysis any gene 
shorter than 30 amino acids as well as potentially mis-annotated genes with zero ribosome 
profiling reads to the first 10 nucleotides. 
 
For all remaining genes that met coverage requirements, we calculated translation efficiency for 
each gene as the RPKM in the Ribo-seq dataset divided by the RPKM in the RNA-sequencing 
dataset. As in the text, we emphasize here that our metric of relative translation efficiency derives 
from dividing two noisy variables and is therefore a rough approximation of the “true” translation 
efficiency of individual genes. We separately compiled 2 further datasets for E. coli, subjecting 
them to the same pipeline as above(Mohammad et al., 2016). In addition to providing an 
additional dataset for E. coli to test the robustness of the parameters, these data were also 
collected and mapped in such a way as to purportedly minimize bias associated with long 
fragment selection and center-weighted mappings, potentially providing a better estimate of the 
effect size and variance explained by our model. 
 
We further utilize two experimental datasets to independently validate our conclusions. The first 
from Taniguchi et al. utilized single-cell distributions of protein counts to estimate the proteins 
produced per mRNA from fitted gamma-distributions of single-cell expression. From the original 
dataset of 1018 genes we remove 4 from our analysis for quality control, i.e. sequences are not a 
multiple of 3, do not have a ‘product’ annotation’, contain internal stop codons, etc. For clarity we 
maintain the label of relative translation efficiency (RTE) to describe these data but stress that 
their derivation is un-related to ribosome profiling based estimates of translation efficiency 
(Taniguchi et al., 2010) and that RTE in this context has a slightly different interpretation.  
 
We also downloaded detailed experimental data from Kosuri et al. who created libraries of 
Ribosome Binding Site (RBS) and Promoter variants driving Green Fluorescent Protein 
expression (Kosuri et al., 2013). By measuring mRNA and protein concentrations via FLOW-Seq, 
each of the 110 RBSs can be described by their protein levels divided by mRNA levels, which are 
collected for each construct and averaged across all the promoter variants containing this RBS 
construct (from their initial data we exclude the ‘Dead-RBS’ construct because it’s short length is 
prohibitive to our analysis). Here we analyze this “mean.xlat” data (as described in their 
supporting tables of Kosuri et al.) as a measure of relative translation efficiency. As before, 
although the ribosome profiling estimates, the data from Taniguchi et al. and this data from Kosuri 
et al. are all quantifying translation efficiency in slightly different ways that have slightly different 
interpretations, each of these metrics should at very least correlate strongly with the idea of 
translation efficiency as we have defined it so for ease of language we continue to refer to this as 
relative translation efficiency (RTE). Rather than subtracting out the effect of mRNA structure as 
in the other studies, we simply provide regressions on this raw data here since a) the downstream 
gene is the same and thus structure is mostly preserved between constructs and b) each 
promoter will introduce slightly different sequences upstream of the RBS but their structural 
effects of this introduction should be accounted for in the averaging process. 
 
Gene classification and quantification of aSD binding strength 
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All calculations of RNA folding were performed using the RNAfold method from ViennaRNA with 
default parameters(Hofacker, 2003). Estimations of cis-structure were based on calculated folding 
energies for the -30 to +30 nt region relative to the start codon. RNA::RNA hybridizations were 
performed using the RNAcofold method with default parameters. For each gene, we iterated 
through all x-mers (where x is the length of the putative aSD sequence) upstream of the start 
codon in order to capture 14 hybridization events (as this was a reasonable point at which our 
testing showed essentially no correlations for any aSD sequence as evidenced in Figs. 2 & 3). 
 
Statistics and code sharing 
 
All code used to perform translation efficiency measurements, as well as all statistics were written 
using custom scripts in Python that are freely available. All regression models (including R2

adj and 
Akaike Information Criteria (AIC)) were based off fits using the statsmodels package; reported p-
values in all regressions are from the F-test.     
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Figure 1: SD sequence usage is variably defined in the literature and differs between 
genomes. A) Example of several studies that report a range of relevant parameters used to 
identify the aSD::SD sequence interaction. (1denotes studies that implicitly derive aSD 
sequences by extrapolating from over-represented UTR motifs; 2denotes studies that 
explicitly penalize for non-optimal distances to the start codon). B) The anti-Shine-Dalgarno 
sequence region in the three organisms studied is highly conserved (left). Underlined bases 
show perfect conservation across the three organisms; the shaded region denotes the 
annotated 3’ end of rRNA genes. By contrast, 5’ untranslated regions (UTRs) are largely 
heterogeneous within and between species (right). 
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Figure 2: Determining the optimal aligned distance to the start codon using regression 
analysis on residual RTE values. A) Illustration of the method used in this study for 
determining the Gibbs free-energy of the hybridization of the putative aSD sequence 
(highlighted in red) to the 5-nucleotide sequence at a distance of 7 nucleotides upstream from 
the start codon, indexed from the start codon to the closest base in the hybridization. B) The 
strength of aSD binding for each gene at a distance of -7 is correlated against the model 
residuals in units of log(RTE). Shown are 1st and 3rd order polynomials (R2

adj
 = 0.023 and 

0.026 for the 1st and 3rd order fits, p<10-16 for both). C) We performed the same correlation 
analysis as in (B) for each distance to the start codon in the E. coli dataset. Shown are the 
R2

adj
 values for the relevant models with a clear maximum peak for d=-7. 
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Figure 3: Parameter fitting landscape to determine optimal aSD and distance values. A) R2

adj 
from the 3rd order model at different distances to the start codon and various 3’ and 5’ 
extensions to the core aSD for E. coli. B) Combination of best fitting putative aSDs from (A) to 
determine the optimal aSD sequence and distance parameters based on their fit to the RTE 
data (* denotes the selected best fitting aSD sequence). C) Comparison of R2

adj between the 
1st and 3rd order polynomial models from the best performing aSD sequence from (B).   
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Figure 4: Summary of findings for three independent organisms using ribosome profiling 
based data. A) Optimal aSD sequences for the three organisms studied. The core sequence 
is shown in red, and the best fitting aSD is shown in black. B) Best fitting 1st and 3rd order 
models (blue and red, respectively) for the species-specific optimal aSD sequence and 
optimal distance to the start codon. 3rd order models produced R2

adj of 0.041, 0.028, and 
0.056 for E. coli, C. crescentus, and B. subtilis (all cases, p<10-12). C) Raw data from B 
shown averaged within equally sized quintile bins of aSD binding strength. Bars denote the 
mean within each bin, while error bars show standard error of the mean. Comparison 
between weakest binding and intermediate-to-strong bins were performed with Wilcoxon 
rank-sum test (*** denotes p<10-12), and percent increase highlights the average increase in 
translation efficiency expected for a gene with a proper strength aSD binding sequence 
compared to a weakly binding sequence.  
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Figure 5: Validation of principal findings in non-ribosomal protein based datasets A) Utilizing 
the data from Taniguchi et al. we observe a significant relationship between aSD binding 
strength and residual RTE values that mimics ribosome profiling based data (R2

adj = 0.023 
and 0.026 for 1st and 3rd order fits, p<10-6 for both cases). B) We also show, using quintile 
analysis of this data, a 103% increase in RTE between weakly binding and intermediate-to-
strong aSD binding genes (*** denotes p<10-6, rank-sum test). C) Utilizing recombinant GFP 
expression data from Kosuri et al. we show that a 3rd order model provides a better fit to the 
data as compared to a 1st order linear model (R2

adj = 0.32 and 0.37 for 1st and 3rd order 
models, p<10-10 for both cases). D) Quintile analysis of these data shows a large effect size 
(*** denotes p<10-6, rank-sum test) as well as a plateau / slight-decrease for the strongest 
aSD binding quintile. 
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Figure 6: Illustration of our proposed model explaining why translation efficiency is maximized 
at intermediate levels of aSD binding. The competing processes of initiation complex 
assembly and transition into elongation select for and against, respectively, strong aSD 
binding to mRNAs resulting in maximal translation efficiency for intermediate binding strength 
sequences that balance these processes.  
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Figure S1: Example gene profiles showing mapped RNA- and Ribo-seq reads that are used as 
input to calculate RTE. Our pipeline first removes a subset of the total genes based off of 
coverage, annotation, and length requirements resulting in RTE measurements for 2910, 1833, 
and 2385 genes in E. coli, C. crescentus and B. subtilis.  Distributions of the RTE values on 
normal and log-scale show that RTE is approximately log-normally distributed and comparable 
between the three datasets studied.  
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Figure S2: Correlation between the free energy of RNA folding around the start codon (-30 to 
+30) and log(RTE) for three different organisms studied (left, R2

 =0.13, 0.10, 0.08 for E. coli, C. 
crescentus, and B. subtilis respectively; for all cases p<10-43). For RTE in the main text we utilize 
the residuals from the best fitting linear model based off this regression for each organism, 
effectively removing the influence of mRNA structure on RTE (right).  
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Figure S3; related to Fig. 3: A) R2

adj from the 3rd order model at different distances to the 
start codon and various 3’ and 5’ extensions to the core aSD for C. crescentus. B) 
Combination of best fitting putative aSDs from (A) to determine the optimal aSD 
sequence. C) Comparison of R2

adj between the 1st and 3rd order polynomial models from 
best performing aSD sequence.   
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Figure S4; related to Figure 3: A) R2
adj from the 3rd order model at different distances to 

the start codon and various 3’ and 5’ extensions to the core aSD for B. subtilis. B) 
Combination of best fitting putative aSDs from (A) to determine the optimal aSD 
sequence. C) Comparison of R2

adj between the 1st and 3rd order polynomial models from 
best performing aSD sequence.   
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Figure S5; related to Figure 4: For E. coli data (left), given the optimal distance and aSD 
parameters, we show the effect of increasingly complex polynomial fits on the R2

adj (top) 
and Akaike Information Criterion (AIC)(bottom), two statistical methods commonly used 
for model selection. Both metrics penalize models with increasing parameter number 
through different statistical means in order to prevent over-fitting; the best model, 
according to the R2

adj, should be the one that maximizes this metric while for the AIC the 
best model should minimize this value. The data are also shown for C. crescentus 
(center) and B. subtilis (right) data, in all cases this data was calculated using the optimal 
aSD and spacing values indicated in Fig. 4 of the main text for each organism. 
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Figure S6: Replication of E. coli findings in independent datasets from Mohammad et al. 
We repeated the process shown in Fig. 3 of the main text and for both datasets and 
determined that the optimal aSD parameters and distance corresponded to 5’-
ACCUCCUUA-3’ at a distance of -5, as was found in Fig. 3 for E. coli. Top, as in Fig. 4 of 
the main text, we show fits to the residual RTE values (R2

adj for 3rd order fits = 0.06 and 
0.07, respectively). Middle, as in Fig. 4 of the main text we show the quintile analysis with 
respective effect sizes for equally sized bins. Bottom, as in Supporting Fig. S5 we show 
the relevant model selection parameters for determining the best fitting model.  
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Figure S7; related to Figure 5: A) Restricting the dataset from Taniguchi et al. based on 
signal to noise thresholds, we observe increasingly better model fits for higher quality 
data. B) The magnitude of the effect between weak and intermediate-to-strong aSD 
binding sequences also increases for higher quality data. C) As in Supporting Fig. S5 we 
show the relevant model selection parameters for determining the best fitting model for 
the three-labeled datasets. 
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