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Abstract

Gene codon optimization may be impaired by the misinterpretation of frequency and optimality

of codons. Although recent studies have revealed the effects of codon usage bias (CUB) on pro-

tein biosynthesis, an integrated perspective of the biological role of individual codons remains

unknown. Unlike other previous studies, we show, through an integrated framework that attri-

butes of codons such as frequency, optimality and positional dependency should be combined

to unveil individual codon contribution for protein biosynthesis. We designed a codon quantifi-

cation method for assessing CUB as a function of position within genes with a novel constraint:

the relativity of position-dependent codon usage shaped by coding sequence length. Thus, we

propose a new way of identifying the enrichment, depletion and non-uniform positional distri-

bution of codons in different regions of yeast genes. We clustered codons that shared attributes

of frequency and optimality. The cluster of non-optimal codons with rare occurrence displayed

two remarkable characteristics: higher codon decoding time than frequent–non-optimal cluster

and enrichment at the 50-end region, where optimal codons with the highest frequency are

depleted. Interestingly, frequent codons with non-optimal adaptation to tRNAs are uniformly

distributed in the Saccharomyces cerevisiae genes, suggesting their determinant role as a

speed regulator in protein elongation.
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1. Introduction

Codon usage bias (CUB) has been a wide-ranging field of research in
the last few decades, revealing the importance of codons in many
biological processes from cell physiology to the evolution of genes

and organisms.1–9 A number of them are related to genic regula-
tion,10,11 folding energy of mRNA secondary structures,12–14 mRNA
stability,15–17 alternative splicing,18,19 miRNA–mRNA inter-
action,20,21 and protein aggregation or co-translational folding.22–27
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Consequently, synonymous mutations affect significantly both gene
expression and protein level, which are determinant steps in heterol-
ogous expression.28

A number of traditional approaches have been widely used for the
computational assessment of CUB based on measuring codon occur-
rence, such as Relative Synonymous Codon Usage (RSCU29) which
is an index for evaluating the relative frequency of codons and deter-
mining when a codon is preferentially selected over its synonymous
codons. The Codon Adaptation Index (CAI2), is another method
used for determining the potential adaptability of a gene to a host
genome based on frequency of codon usage. On the other hand, the
tRNA Adaptation Index (tAI5) is based on translation efficiency as
measured by the codon–tRNA interaction, which calculates the opti-
mality of a codon to the cognate tRNAs. This method has been
broadly used to describe the ‘ramp theory’ of translation efficiency.30

Thus, many studies have been based on codon indexes to improve
protein production through codon optimization in microorgan-
isms.31–34 Nevertheless, the introduction of synonymous mutations
has sometimes resulted in a decrease in protein production35 or loss
of protein function due to instability, misfolding or aggrega-
tion.24,36,37 Contrary to earlier codon optimization studies, recent
works have demonstrated enhanced protein production by insertion
of rare codons,38 and, indeed, by random codon substitutions at the
50-end region of genes.39

Despite significant advances in CUB research, the understanding
of the role of individual codons remains a challenging problem in the
production of recombinant proteins,40 especially in yeast, where the
limitations of codon optimization indexes have been reported years
ago.41 We believe that this drawback is related mainly to a lack of
integrated studies that could combine different approaches into one
integral explanation of the effects of individual codons on protein
biosynthesis. Although considerable advances have been made in ac-
counting for the role of codons in certain processes, an integrated
study is still required to explain the implications of codons at differ-
ent biological levels and integrate them into a framework that could
improve in depth the understanding of CUB and its basis in rational
gene design.

Another important question to be addressed in yeast CUB re-
search is the determination of which codons are under evolutionary
selective pressures at different positions in the genes. Recently,
Hockenberry et al.42 developed a method of codon quantification
which was implemented in the Escherichia coli genome to illustrate
codon deviations from uniformity as a function of their position
within genes. This approach is a major step to providing support for
the ramp theory and codon selection at the 50-end of endogenous
genes. However, we observed that this method is not accurate
enough for comparing codons at regions distant from the start
codon. To overcome this drawback, we developed a method for
quantifying all the genome regions based on a binning scheme of
codon quantification relative to coding sequence (CDS) length. Thus,
beyond the integrated scheme to evaluate CUB as a function of the
position in yeast CDSs, the present study proposes the use of a differ-
ent approach to the quantification of codons in yeasts using genome-
scale data.

Further, we examine various features of individual codons for five
yeasts widely used in heterologous expression and value-added
chemical production. We integrate the results to show the potential
effects of each codon in protein biosynthesis, evidencing that
position-dependent CUB is a governing rule over endogenous yeast
CDSs. We show the interdependencies between the genome-scale fre-
quency of codons and their optimality to translation efficiency.

Additionally, we demonstrate that there are very specific non-opti-
mal codons that are, necessarily, uniformly distributed in intragenic
regions of genes, while other kinds of non-optimal codons—having
higher decoding times—are enriched at the beginning of genes and
depleted in distant regions. Finally, we exemplify the potential im-
pacts of individual codons in protein secondary structures. Taken to-
gether, our framework and the subsequent analyses present a
meaningful advance in improving the basis of rational gene design
for heterologous expression and yeast synthetic biology.

2. Material and methods

2.1. Criteria for yeast selection

Because we were interested in analysing the CUB in yeasts related
to biotechnological processes, principally as cell factories, we
counted the yeast species names reported in the ‘Yeast biotechnol-
ogy’ article collection (http://www.microbialcellfactories.com/series/
Yeast%20Biotechnology), available in the Microbial Cell Factories
journal edited by Prof. Diethard Mattanovich (last updated on 8
May 2015). The yeasts which were chosen for subsequent analysis
were those with the most related publications. The yeasts selected
were Kluyveromyces lactis, Kluyveromyces marxianus, Pichia pasto-
ris, Saccharomyces cerevisiae and Yarrowia lipolytica.

2.2. Genome sequences

The genomic sequences of Kluyveromyces lactis (NRRL Y-1140:
NC_006037–NC_006042), Pichia pastoris (GS115: NC_012963–
NC_012966), Saccharomyces cerevisiae (S288c: NC_001133–
NC_001148) and Yarrowia lipolytica (CLIB122: NC_006067–
NC_006072) were obtained from the Fungi section of the NCBI ftp
server (accessed in January 2015). The genomic sequence of
Kluyveromyces marxianus (CCT 7735: CP009303–CP009310) and
Escherichia coli (K-12: NC_000913) were downloaded from the
Nucleotide database of the NCBI (accessed in February 2015).

It has been demonstrated in previous studies that signal peptides
(SPs) introduce a different bias of codon usage in the 50-end gene re-
gion.26,43–44 Based on this, we decided to analyse CDSs containing
SPs separately from those lacking SPs. Accordingly, the presence or
lack of proteins with SPs were determined using SignalP-4.145 with
the parameter t¼ euk for yeast sequences and, t¼ gram- for E. coli.
Default values were used for other parameters.

2.3. Characterization of codons

2.3.1. Codon adaptation
In order to analyse the adaptation of each CDS to the codon usage of
its respective genome, we used the Codon Adaptation Index (CAI2).
First, the Codon Usage Table (Supplementary Tables S3–S7) of each
genome was calculated by using the cusp function in the local version
of EMBOSS suite v.6.6.0.0.46 Then, using the cai function of
EMBOSS suite, the CAI was computed for each coding sequence
with the correspondent codon usage table of its genome.

2.3.2. The frequency of codon usage
The relative synonymous codon usage (RSCU) is significant to the
analysis of codon bias in terms of frequency. An important advan-
tage of this index is its independence from amino acid composition
bias.47 Then, the RSCU value of each codon was calculated for all
organisms. The RSCU value was determined by using Equation (1)
from a script in R as follows:
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RSCU ¼ OijPNi
j Oij

h i
� 1

Ni

(1)

where Oij is the frequency of the jth codon for the ith amino acid, and
Ni the total number of synonymous codons coding for the ith amino
acid. Hence, as designated by Nasrullah et al.,48 a frequent codon will
have an RSCU�1 and codons with RSCU<1 are qualified as rare.

2.3.3. Translation efficiency and codon decoding time
The translation efficiency of a codon was obtained from the tRNA
Adaptation Index (tAI5), where codon relative adaptiveness (w) is
the adaptation of a codon to the pool of available cognate tRNAs in
the genome which incorporates the different possible tRNA and the
wobble pairing rules. Based on reported methods,5 we calculated the
values for K. marxianus and P. pastoris of the relative adaptiveness
of a codon using CodonR including the parameters for eukaryotic
microorganism analysis. The datasets of relative adaptiveness of
each codon of S. cerevisiae were obtained from reported data.30 In
the case of K. lactis and Y. lipolytica they were retrieved from a dif-
ferent experiment.27 When needed, tRNA counts were predicted lo-
cally using tRNAscan 1.4.49 As described by Pechmann and
Frydman,27 codon relative adaptiveness (w) characterizes a codon as
optimal if w�0.4 or non-optimal if w<0.4.

Codon decoding time (CDT) is a value related to the abstract time
required to translate a codon in relation to the codon relative adap-
tiveness of the tAI index. Thus, as defined by Dana and Tuller,50

codons with low relative adaptiveness to the tRNA pool are more
slowly translated. The CDT for each codon was calculated using
Equation (2) and is defined as:

CDTi ¼
1
wi

(2)

2.4. Genome simulations

For testing spatial deviation from uniformity in codon bias, 1200
complete genomes in total, 200 for each one of the 6 organisms in
this study, were simulated. We developed an R script (SyMuGS—see
Availability section and Methods Appendix for details) under the
seqinr package51 to generate genomes containing coding sequences
with the same codon usage, coding the same protein sequence as the
original genome but scrambling the codon position in each coding se-
quence. This provides a robust null model to test the deviations of
the original genome against the random distribution of codons in the
simulated genomes.42

2.5. Quantification of position-dependent codon usage

bias

We developed two R scripts (QuantiCUB and ExVar3D, see
Availability section and Methods Appendix) under R/Bioconductor
(http://www.R-project.org/) and Biostrings52 to count the codon oc-
currence under a relative-to-CDSs-length binning scheme (Fig. 1).
We noticed that the codon quantification method proposed in a pre-
vious work42 is an appropriate approach to testing deviations from
uniformity at initial intragenic regions but not to test subsequent pos-
itions, because of the exponential growth of the bin sizes in regions
far from the start codon. When the codon position is more distant,
the procedure becomes imprecise as regards retrieving codon quanti-
fication in regions in the intermediate and the 30-end region of CDSs.
Hence, it is not possible to keep codon quantification values in the

same bin as they are part of different intragenic region of CDSs with
dissimilar lengths. Thus, we decided to quantify the CUB by binning
codons as a function of the position relative to the length of the
CDSs. We integrated all the scripts developed into a toolset named
‘CodG: Analyzing codon positional dependency from genome-scale
data’ (See Methods Appendix in Supplementary Material and https://
github.com/juanvillada/CodG).

First, the start and stop codons were removed from all sequences
and, in order to maintain uniformity in the length distribution of the
different CDS sequences between the five yeasts, sequences with less
than 40 codons were excluded from the dataset (i.e. sequences
excluded for K. lactis¼0.02%, K. marxianus¼0%, P.
pastoris¼0%, S. cerevisiae¼0.7% and Y. lipolytica¼0.1%). Thus,
following the results of a recent report,42 where it was demonstrated
that no significant differences were detected when using different bin
sizes, and guided by the result that shows ten as the best number of
sections for visual exploration of the codon quantification, our
method divides each gene into ten parts and saves the information of
codon quantity per each tenth part of the CDSs thereby establishing
ten bins with the same total number of codons. For each genome, the
algorithm generated a matrix of 59 codons as rows (excluding the
start, stop, and tryptophan codon counts) and 10 columns as bins.

Finally, to test the effectiveness of our method, we used the E. coli
genome as a positive control (Supplementary Fig. S2), comparing it
to previous reports.42 As expected, comparable quantification values
at the 50-end were retrieved, and additionally, deviations from uni-
formity were detected at the 30-end, a result which had not been
observed by using a previous binning scheme.42

2.6. Test for uniformity in CUB

After constructing the matrix of codons per bins, we tested the uni-
formity of distribution of each codon by calculating the v2 value42

from Equation (3) as follows:

v2 ¼
Xn

i¼1

Z2 ¼
Xn

i¼1

O� Eð Þ2

r2 (3)

where O is the observed count per bin in the original genome, E the
expected value and r the standard deviation of codon counts per bin
obtained from the 200 simulated genomes, n the number of bins and
z the z-score of each codon per bin. The squared z-score is the value
related to deviations from uniformity, it tests the selection for or
against uniformity in codon distribution as a function of intragenic
position.

In order to test the enrichment or depletion of codons as a func-
tion of the position within a CDS, we used the Y-value as described
mathematically in Equation 4:

Y ¼ Log2
O
E

� �
(4)

when O (observed value) is higher than E (expected value), it indi-
cates codon enrichment at that intragenic position and the resulting
value is positive. On the contrary, a depletion is given by negative
values.

2.7. Codon conservation in protein structures

To understand how a similar CAI of a gene could affect translation
optimization, we analysed the sites where codon categories are con-
served in the structure of proteins in a similar way as that reported in
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the literature.27 We examined, as a proof of concept, two proteins
conserved in the five yeasts which have similar values of CAI, but dif-
ferent expression levels under physiological conditions, namely, the
elongation factor 1-alpha (TEF1a) which is highly expressed, and the
heat-shock protein SSE1 which has low expression level. We
retrieved the protein homologous sequences from UniProt53 where
available, or determined them by blast when not. The 3D structures
were obtained from the Protein Data Bank, 1F60 structure for EF1A
and 2QXL structure for SSE1. The structures were visualized, and
their colours were edited using PyMOL (The PyMOL Molecular
Graphics System, Version 1.7.4 Schrödinger, LLC.). A multiple se-
quence alignment of amino acids and codons was formulated using
ClustalW54 and edited in MEGA 655 in order to avoid gaps and
maintain the integrity of the S. cerevisiae sequence as the model. The
datasets P02994 for EF1A and P32589 for SSE1 from UniProtKB
were used as a reference for the secondary structure motifs and 3D
structural features.

To test whether codon conservation in protein secondary struc-
tures is a generalized phenomenon, we used the data from the PDB
web site database (http://www.rcsb.org/pdb). The files were retrieved
by advanced search using Saccharomyces cerevisiae as the organism
source. The proteins were ordered according to their resolution and
we recovered the 300 best resolution files (Supplementary Dataset
S2—PDB IDs/SGDIDs). Then we removed the redundancy of these
files applying the program VAST: Vector Alignment Search Tool.56

The set-up parameters were the P-value of 10e�7 and display of
“PDB codes only”. The outcome was 138 PDB files/proteins tagged
as non-redundant PDB data set (Supplementary Dataset S2—VAST).
To automatize this process we used an in-house script
(Struct_nonredund.cc, see Availability section).

In the PDB file format documentation (http://www.wwpdb.org/
documentation/file-format (January 2017, date last accessed)), there
are only two secondary directly specified structures: Helix and Sheet.
Thus, the analysis of codon proportion homogeneity within helix
and sheet structures was performed by Chi-square test using two fre-
quency tables, one for Helix (Supplementary Dataset S2—Helix) and
another for Sheet (Supplementary Dataset S2—Sheet) created by our
in-house Cþþ script (Struct_frequencies.cc, see Availability section).
Finally, we tested codon proportionality through a position-
dependent scheme which analysed the occurrence of codon catego-
ries at the first, second and third positions within each protein
structure using an in-house script (Struct_freq2.cc). Next, the same
analysis was applied to the n � 2, n � 1 and n, where n is the last
codon of each structure per protein. Finally, as in PDB documenta-
tion there is not a defined coil region, we performed the coil analysis
using the regions which do not belong to Helix and Sheet coordin-
ates present in the non-redundant PDB files. The chi-square tests
were also applied to the data retrieved from the coil region, i.e. loops,
which connects helices and sheets. The scripts used for coil analyses
can be found in Availability section (Struct_freq2_coil.cc and
Struct_freq3_coil.cc).

2.8. Computation of mRNA minimum free energy

To evaluate the positional dependency of minimum free energy
(MFE) in the mRNA secondary structures, we calculated the MFE in
different positions of the genes by using the RNAfold program of the
ViennaRNA package 2.0.57 The MFE was computed for all the
CDSs of each yeast (nK. lactis¼5065, nK. marxianus¼4774, nP. pastoris

¼5019, nS. cerevisiae ¼5786, nY. lipolytica ¼6413). Ribosomal genes

Figure 1. Quantification strategy of codon usage bias by bins relative to coding sequences’ length. From each original genome, two datasets were arranged, the

first including only CDSs lacking signal peptides, and the second comprising only CDSs codifying proteins with signal peptides. Then, for both datasets, all

CDSs were divided into ten parts (bins) and their codons quantified and saved in bins (Observed Matrix). Synonymous mutations were introduced, conserving

the original codon usage of the genome but scrambling codon positions within genes, thus generating 200 whole simulated genomes per yeast. Codons were

quantified by bins as stated in the ‘Material and methods’ section, and a 3D matrix of 10 � 59 � 200 was generated in order to retrieve the expected value and

standard deviation for each codon after codon position alteration.
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from each yeast genome were used as a subset of highly translated
transcripts.

2.9. Statistical tests

The P-values (Figs 2B and 5A) are the probabilities related to the
Wilcoxon rank sum test (Mann–Whitney test), a non-parametric test
for expected values with a two-sided alternative hypothesis for inde-
pendent samples. For v2 calculations, we report the significance of
each codon by a P-value<0.00017 after a Bonferroni correction for
59 tests where P-value¼0.01 contrasting them with the v2 distribu-
tions with n � 1 degrees of freedom.

3. Results and discussion

3.1. Yeast cell factories

The metabolic diversity encoded in the yeast’s genome has led the sci-
entific community to explore its capability at the industrial level as
cell factories to produce value-added chemicals and enzymes. To de-
termine the codon usage particularities in yeasts of biotechnological
relevance, we used data mining to retrieve the most researched yeast
species using as database all the articles in the collection of “Yeast
Biotechnology” from the Microbial Cell Factories journal. It was
observed that 104 papers, relating to 15 different yeast species, have
been published in the last four years (Supplementary Table S1).

A

B

Figure 2. The positional dependency of codon usage bias relative to coding sequences length. The figure shows the analysis applied to the set of coding se-

quences lacking signal peptides. (A) Deviations from uniformity (squared z-scores) are reported graphically to illustrate the codon usage deviations from uni-

formity at different intragenic regions, concentrated mainly at the 50-end close to the start codon. Squared z-scores are presented according to the quadratically

scaled bar. (B) Distribution of deviations from uniformity by bin, illustrating the differences between first bin (50-end region) and subsequent bins. The

Mann–Whitney test was applied to determine the significance of the differences.
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However, most of them were limited to five species: Kluyveromyces
lactis, Kluyveromyces marxianus, Pichia pastoris, Saccharomyces
cerevisiae and Yarrowia lipolytica. It should be noted that there was
an increase in the proportion of works published on non-
conventional yeasts compared with the conventional S. cerevisiae
(Supplementary Fig. S1). This being the case, we decided to work
with the aforementioned five species.

3.2. Strong signals of non-uniform distribution of

codons relative to CDS length

We evaluated the positional dependency of CUB, integrating recent
findings which state that gene expression levels in eukaryotes are
shaped by CDS length and CUB,58–63 that also supported our scheme
in order to overcome the drawback experienced by using a previous
method,42 i.e. codon comparison between genic regions distant from
the start codon. We decided to create a binning scheme based on the
quantification of codons as a function of their relative position
within genes and in relation to the length of their CDSs, forming ten
bins by position (Fig. 1) to identify increased signals of deviations
from uniformity [squared z-score from Equation (3)] as a function of
the relative intragenic position.

Previous studies have evaluated CUB, using bins with fixed
lengths to analyse genes of both prokaryotes42 and eukaryotes.30

These studies reported that the 50-end region presented unusual CUB
behaviour. A detailed inspection of the results presented in the Tuller
et al. manuscript,30 shows that the E. coli genome had substantial
variation in standard deviations in the 30-end of the averaged transla-
tion efficiency (as measured by the tRNA adaptation index).
However, in a recent study, significant signals of deviations from uni-
formity (given by the z-score of the chi-square test) were not detected
in the 30-end of E. coli.42 Even though each is a different measure-
ment of CUB, we would expect that, under a positional dependency
approach, deviations from uniformity would also be significant at
the 30-end region as codons contribute differentially to the transla-
tion efficiency.

We consider that this drawback may be due to the use of the fixed
length of bins for deviations from uniformity computation, since the
algorithm that uses the fixed length of bins is not capable of compar-
ing the equivalent region of two CDSs (i.e. neither the middle nor the
30-end) when the difference in CDS length is great. For example, if
we have one CDS (CDS-A) with 200 codons and another with 100
codons (CDS-B), in a fixed configuration, we will be doing a com-
parison between the middle region of CDS-A and the 30-end region
of CDS-B which will give an inconsistent result. It is important to
point out that our proposed binning scheme is aimed at overcoming
this drawback.

Bearing this in mind, we hypothesized that, based on the correl-
ation of both CUB and CDS length, increased selection signals
against the uniformity of codon distribution at different positions on
the genes would be observed, taking into account the relative pos-
ition of codons by gene, instead of an absolute pre-established quan-
tity of codons per bin. In order to test this, we implemented our
method and used published results42 as the positive control, drawing
on research by authors who analysed the Escherichia coli genome
and quantified high selection values against the uniformity of many
codons at the 50-end of the genes. As expected, by using our pro-
posed codon quantification scheme on the same E. coli genome, we
found comparable patterns of codon deviations from uniformity at
the 50-end (Supplementary Fig. S2). Nevertheless, it is important to
point out that we also obtained significant deviations from

uniformity in a number of codons at the 30-end of genes, which had
not been detected by the previously reported binning scheme. Thus,
as shown in the positive control, our method allows for the detection
of deviations from uniformity at both the 50- and 30-gene extremities.

The strong selection against uniformity detected at both gene
extremities contrasts with the absence thereof in intragenic regions
(distant from the extremities) of the CDSs. Considering that selection
forces on CUB are determinant features of protein biosynthesis,64

our proposed method is useful for describing the codon distribution
patterns in endogenous genes and consequently further codon opti-
mization. These results are explained principally by the accuracy of
our binning scheme which is able to retrieve the same quantity of
codons per bin, without binning bias at the 30-, 50- and all other
intragenic positions. Therefore, our method exposes the differences,
in terms of codon bias, between both ends and the inner regions of
the CDSs, supporting recent findings described through ribosomal-
protected footprint counts,65 where it was observed that codons
have different footprint count distributions in a position-dependent
profile, conserved along intragenic regions but divergent at the 50-
and 30-end. Notably, a similar profile was observed when our
genome-scale codon quantification method on the E. coli genome
(Supplementary Fig. S2) and on five yeast species (Fig. 2A and B)
was applied.

3.3. The positional dependency of the genome-scale

CUB in yeast

Using our codon quantification method, which had been previously
tested on the E. coli genome, we evaluated the position-dependent
CUB in the yeast cell factory genomes. For this, a chi-square test per
codon [Equation (3)] was conducted after filtering out the genes
encoding proteins with signal peptides (SPs) in order to avoid biases
attributable to their particular CUB.26,43,44,66 In a subsequent experi-
ment, the same equation and methods were used to detect deviations
from uniformity in the CDSs containing SPs. The occurrence of
codons by bin was counted in the original (observed) genome and
then compared with a null model formed by the expected value and
standard deviation of 200 simulated genomes, where each genome
conserved overall gene CUB but is produced with random codon
positional distribution (see details in Material and Methods). This
allowed us to determine the significance of the original CUB genome
against a null model, calculating the squared z-score (deviations
from uniformity) as a function of codon position and CDS length.

Out of 59 redundant codons (Fig. 2A), we found 37 in K. lactis,
39 in K. marxianus, 14 in P. pastoris, 16 in S. cerevisiae and 50 in Y.
lipolytica with significant non-uniform distribution in terms of their
position (P-value<0.00017, chi-square test after Bonferroni correc-
tion; Supplementary Table S2). These codons are highlighted with an
asterisk symbol in Fig. 2A. Analyzing graphically the squared z-
scores [Equation (3)] of the chi-square statistics, it was possible to
observe greater uniformity deviations at both gene extremities,
mainly at the 50-end, and low values, close to zero, in intermediate
gene positions. In addition, a Mann–Whitney test was applied
because we were interested in testing the meaningful difference of the
z-score distribution at the 50-end bin to evaluate the statistical signifi-
cance of the differences between deviations from uniformity by pos-
ition as a whole.

Remarkably, using our quantification method constrained by the
relativity of CDS length, the statistical test revealed that there are
strong differences in codon selection against uniformity between the
first part and subsequent position within genes. Moreover, when we
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tested the uniformity deviations at different positions within CDSs,
we found significant differences (P-value�0.002) between the first
and second bin for all yeasts, except for K. marxianus in which
higher significance was found between the second and third bin, al-
though we found higher squared z-score values at the 50-end of CDSs
compared with K. lactis, P. pastoris and S. cerevisiae. Accordingly,
when we divided all the CDSs into an equal amount of parts (ten
bins in this case), all yeasts had the highest deviations from uniform-
ity at the 50-end of genes. Furthermore, it should be noted that we
found high squared z-scores at the 30-end (Fig. 2A and B), suggesting
that certain codons also present strong selection against uniformity
at this extremity in agreement with the results obtained in a recent
study.65 Consequently, the results reported here denote the contribu-
tion of individual codons to the generation of strong deviations from
uniformity at the extremities of CDSs, showing how the ramp theory
is also presented as a function of CDS length at the evolutionary level
in yeast.

3.4. Genome-scale signals of frequent codons with low

optimality

Because we were interested in determining the characteristics of fre-
quency and optimality of the translation efficiency of each codon, we
calculated two broadly used indexes: the Relative Synonymous
Codon Usage (RSCU) using the codon usage table (CUSP) of each
genome (Supplementary Tables S3–S7) and the codon optimality (w,
formally defined as the codon relative adaptiveness) to the tRNA
pool using published data,30 and when required, we predicted the
tRNA counts (see Materials and Methods, tRNA counts in
Supplementary Table S8). We used the RSCU values [Equation (1)]
to characterize a codon as frequent or rare (Supplementary Table S9)
and the codon adaptiveness (w) to characterize codons as optimal
when w�0.4 or non-optimal if w<0.4 (Supplementary Table S10)
in agreement with a previous study, in which w had been assessed in
yeast genomes.27

Based on principles of codon optimization for heterologous pro-
tein expression in microorganisms, we expected to observe a high
frequency of optimal codons, and complementarily, a low frequency
of non-optimal codons. Visual inspection of the frequency values
(RSCU in Fig. 3A), reveals that they were very similar among K. lac-
tis, K. marxianus, P. pastoris and S. cerevisiae; however, the optimal-
ity of codons (w values) showed significant variations (Fig. 3B). On
the other hand, we observed variations in Y. lipolytica in both codon
frequency and optimality when compared with the other species.
Intriguingly, we found for each genome heterogeneous correspond-
ences between frequency/rarity and optimality/non-optimality. In
contrast to the expected, we observed that several rarely used codons
have optimal translation efficiency whereas frequently used codons
have non-optimal translation efficiency.

From an evolutionary perspective, the evidence of codons which are
frequently used but have non-optimal translation efficiency seems to in-
dicate that there are selective pressures acting positively to conserve and
use non-optimal codons, probably to guarantee the effectiveness of pro-
tein biosynthesis as elongation speed regulators. Therefore, we show
that non-optimal and rare codons have different characteristics, and
that optimal codons are different from frequent ones. Although they
are referred to as synonymous in the literature,66 these characteristics of
frequency and optimality could be positively correlated for certain
codons but not in all cases. Optimality refers to the adaptation to the
cognate tRNA isoacceptors and frequency/rarity refers to the occur-
rence of a codon in the genome. Mixed characteristics of frequency and
optimality should be considered in detail because they are different
approaches used in the characterization of individual codons which
could impact several molecular processes. Subsequently, we decided to
explore the features of individual codons in depth.

3.5. Characterization between the Frequency and

Optimality of codons

In order to characterize the different correspondences between the
frequency and optimality of codons, we decided to study each codon

Figure 3. Heterogeneous correspondences between codon frequency and codon optimality metrics. (A) The values of the Relative Synonymous Codon Usage

(RSCU) are shown here in order to characterize each codon in terms of frequency or rarity. Values near to the centre and inside the shaded region with black

borderline are frequent codons, those outside the circle are rare. (B) Values of Codon Adaptiveness (w) to cognate tRNAs from the tRNA Adaptation Index (tAI)

are represented to illustrate the translation efficiency of each codon. Points inside the shaded region, far apart from the centre of the plot represent “optimal”

codons, opposite points near to the centre and inside the white region indicate non-optimal codons.
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in an integrated framework (Fig. 4A) using the codon frequency and
individual codon optimality for translation efficiency and then com-
pare them to the data of the CUB positional dependency (Fig. 2A). It
allowed us to define four categories for the classification of codons:
(i) FreO, given by the intersection of high frequency and optimality;
(ii) RareNO, given by low frequency (rare) and non-optimality;
(iii) RareO, given by low frequency and optimality; and (iv) FreNO,
given by high frequency and non-optimality.

Our integrated framework revealed the remarkable features of in-
dividual codons. For example, cysteine is coded by both the TGC
and TGT codons, presenting uniform distribution with regard to the
position within genes (Fig. 2A). In general, they have non-optimal
adaptation to the tRNAs of each yeast genome (Fig. 3B), except for
P. pastoris. In this yeast, the TGC codon is optimal for the tRNA
pool (Fig. 3B); however, it is rarely used (Fig. 3A). On the other

hand, codons of glutamine present a conserved non-uniform distri-
bution as a function of the position within genes, possibly contribu-
ting to the formation of a selection ramp (Fig. 2A), with strong
selection values against uniformity at the 50-end in all yeasts. The
CAA codon is frequent and optimal (Fig. 4A) for all the yeasts with
the exception of Y. lipolytica, in which this codon is rare and non-op-
timal. In contrast, the CAG codon is rare and non-optimal in K. lac-
tis, K. marxianus and S. cerevisiae, but frequent and optimal in Y.
lipolytica (Fig. 4A). Another relevant feature is that, although CAG
is rarely used and is non-optimal in the genomes of K. lactis, K.
marxianus and S. cerevisiae, it is optimal in P. pastoris (Fig. 4A).
Thus, this is a characteristic that is particular to P. pastoris.
Correspondingly, P. pastoris has a higher quantity of codons that are
optimal but rarely used (Fig. 4B), which seems to be an advantage
for the production of recombinant proteins taking into account that
these optimal codons, rarely used in the expression of endogenous
genes, might be used more frequently in the expression of heterol-
ogous genes.

On the other hand, it was possible to observe the different proper-
ties in the codon selection features found in the genome of Y. lipoly-
tica (Fig. 4B) when compared with the other yeasts. Although it is
broadly known that Y. lipolytica has a very different codon usage,
this microorganism seems to be under strong positive pressure from
optimal codons to use them frequently and, at the same time, a
strong negative selection over non-optimal codons to use them
rarely.

Finally, we found important differences when comparing the third
base composition of the four codon categories. Y. lipolytica presents
very low content of AT3 in its frequent codons and high content in
the rare ones. On the other hand, all the other yeasts showed high
AT3 content of frequent codons and very low, or zero content, in
rare codons (Fig. 4C). It should be pointed out that codon optimality
seems to be an inaccurate characteristic to yeasts categorization con-
sidering the third base composition (Fig. 4C). It is important to clar-
ify that data integration through this approach has been achieved by
using genome sequences of microorganisms, which exhibit codon
usage bias positively associated with translation efficiency.
Therefore, the application of this method should consider these fea-
tures before applying it to future research in non-translationally effi-
cient organisms. Nevertheless, with the properties highlighted here it
is possible to define the contribution of each codon in terms of evolu-
tionary selection, translation efficiency and whole genome occur-
rences for each yeast cell factory. This integrated framework stands
as a valuable tool that contributes to the improvement of knowledge
on the different roles of individual codons in endogenous genes.

3.6. Rare–non-optimal codons have higher decoding

time and are enriched at the beginning of CDSs

The characterization of codons led us to address the contribution of
each codon category to the protein elongation process. Based on this,
and the following three main statements: first, codons are translated
at different rates;26,50,65,67 second, we observed there are strong evo-
lutionary selective pressures acting differentially on redundant
codons to use them rarely or frequently; and third, codons are also
differentially adapted to the tRNA pool in terms of efficiency, we
hypothesized that it would be possible to find significant differences
in the contribution of the four different categories of codons
(FreNO, RareNO, etc.) to the kinetics of the elongation process.

In order to test this, for each codon we computed the codon
decoding time [CDT, Equation (2)] as described previously65 and

A

B C

Figure 4. Integrated characterization of individual codons. (A) Each codon is

characterized regarding its frequency and optimality. (B) Percentage of the

four codon categories in the 59 redundant codons of each yeast genome.

(C) The third-base composition of the four codon categories illustrates the

differences between Yarrowia lipolytica and the other yeasts.
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subsequently we formed four clusters of codons according to the cat-
egories revealed by the integrated framework. Finally, we analysed
the distribution of CDT values, a measurement aimed at addressing
the time required to decode each codon.

Confirming our hypothesis (Fig. 5A), rarely used non-optimal
codons (RareNO) have significantly higher CDTs (P<0.05,
Wilcoxon rank sum test) than frequent non-optimal (FreNO)
codons, except in the case of K. marxianus. In this yeast, the statis-
tical test was not significant. It should be noted (Fig. 5A) that certain
RareNO codons of K. marxianus have CDT values higher than the
highest CDT values of FreNO codons. However, there was no sig-
nificant difference between the RareNO and FreNO groups in this
yeast. This particularity could be due to difficulties in the w value

computation used for calculating CDTs. Thus, it is expected that the
future availability of K. marxianus protein expression data will allow
for constraining the computation of their respective w values, which
in turn will contribute to improving their CDT calculation.

Additionally, the detection of higher CDTs conserved in RareNO
codons seems to explain their low frequency in intermediate gene re-
gions where the protein biosynthesis process should be highly effi-
cient. This reveals that the decoding time of certain codons is a
special feature that constrains codon selection, which explains why
certain different non-optimal codons are used more frequently than
others in yeast. Thus, we conclude that the insertion of RareNO
codons in genes can facilitate slower protein elongation. In fact,
RareNO codons introduce lower translation rates than FreNO
codons, an important characteristic of note in the synthetic gene
design.

The results described above also led us to hypothesize that,
whether the ramp theory applies to translation efficiency or
not,10,30,67–70 we should consider these signals in terms of richness
or depletion by codon category as a function of position within
CDSs. Hence, a higher occurrence of RareNO codons should be ex-
pected at the beginning of the genes which will modulate the initi-
ation of elongation. At the same time, we would expect its absence in
intragenic regions where the elongation process must be more effi-
cient. On the other hand, it is reasonable to consider that FreNO
codons, which are equally non-optimal as RareNO codons, but have
lower decoding times, should be found at different positions on the
genes. It is probable that they act as elongation speed regulators for
protein co-translational folding,22 and that elongation will not be
slowed as much as when decoded by RareNO codons. To test this,
we determined if the different categories of codons are enriched or
depleted as a function of position in the ten bins. We calculated the
Y-value [Equation (4)] as the ratio of observed (O) values to ex-
pected values (E) on a logarithmic scale, to determine the fold-
change of observed codons against expected codon occurrences in
simulated genomes with scrambled position of codons in their CDSs.
The computation was carried out for each yeast genome
(Supplementary Figs S3–S7).

Interestingly, we found that RareNO codons are predominantly
enriched at regions close to the start codon (Fig. 5B) and depleted in
distant regions. In general, FreO codons are predominantly depleted
at the beginning of genes. In agreement with recent data,30 we add
important evidence to the theory of the translation ramp, with two
remarkable additions: first, we suggests the existence of the ramp at
the evolutionary level in yeast, and second, we found a specific group
of codons (RareNO codons) enriched at the beginning of genes,
which are responsible for the lowest translation rates. Moreover, we
observed a conserving tendency in FreNO codons to avoid either en-
richment or depletion. They were found uniformly distributed
through the genomes of K. lactis, K. marxianus, P. pastoris and S.
cerevisiae (Supplementary Fig. S8), but strongly enriched at the be-
ginning of genes in Y. lipolytica, pointing out that this yeast also has
the lowest percentage of FreNO codons in comparison to the other
yeasts (Fig. 4B). Another interesting point worthy of note is that our
finding related to the enrichment of RareNO codons in the 50-end re-
gion of endogenous genes in yeast could be associated with the main-
taining of a decreased local mRNA structure (Fig. 5C and
Supplementary Dataset S1). A similar result has been described re-
cently in E. coli,42 suggesting that rare codons assist to preserve
reduced mRNA structure.

In our work, the local mRNA minimum folding energy (MFE) at
the beginning of genes showed the lowest local mRNA structure

A

B

C

Figure 5. Codon decoding time (CDT), the average of Y-values and the

mRNA free folding energy are presented to indicate the features of each

codon category. (A) shows the significant differences found when CDT val-

ues of Rare–Non-optimal (RareNO) are compared with Frequent–Optimal

(FreNO) codons. The translation rate is the slowest when decoding RareNO

codons. No significant differences between the optimal ones (FreO and

RareO) were found. (B) RareNO codons seem to be enriched at regions near

to start codons in K. lactis and other yeasts (Supplementary Fig. S8), while

Frequent–Optimal (FreO) codons contrast that profile. FreNO codons are not

significantly enriched or depleted as a function of position within genes,

they are uniformly distributed inside genes, probably to guarantee the accur-

acy in protein biosynthesis as translation speed regulators (see

Supplementary Figs S3–S7 for individual values of codons per bin).

(C) mRNA structure is the lowest in the 50-end region, where RareNO codons

are enriched. The MFE was computed for all the CDSs of each yeast (nK.

lactis¼ 5065, nK. marxianus¼ 4774, nP. pastoris ¼ 5019, nS. cerevisiae ¼5786, nY. lipoly-

tica ¼6413).
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when compared with intragenic positions distant from the 50-end re-
gion. Our calculation indicates that it is a conserved characteristic
when applied to the whole gene dataset of yeasts and to the highly
expressed genes such as ribosomal proteins. Accordingly, this obser-
vation among mRNA, MFE and codon positional dependency in
yeast suggests a similar phenomenon, as determined experimentally
in bacteria,71 where rare codons reduced the secondary structure of
mRNAs. Therefore, our data reinforce, with novel genome-scale
characteristics, the ramp theory of codon usage bias.10,30,70

Additionally, the aforementioned findings validate the existence of
the ramp at the evolutionary level and allow us to specify which
codons are really contributing to slower translation speeds, illustrat-
ing the orchestration of selective constraints, translation efficiency,
codon occurrence, local mRNA folding energies and the determinant
contributions of individual codons, especially the imperative leader-
ship of non-optimal codons, to the protein biosynthesis.

3.7. Genes with signal peptides use preferentially

RareNO codons at the 50-end

Signal peptide (SP) design and its synthetic construction is an effect-
ive method used in industrial biotechnology to improve heterologous
protein production and biocatalysis.72,73 Thus, investigation of the
differential codon composition of genes with SPs has been an object-
ive of various studies despite the different approaches em-
ployed.26,43–44 We used our integrated framework, to analyse the
CDSs containing SPs for each yeast genome, by computing the
Y-value (Fig. 6) and the deviations from uniformity (Supplementary
Fig. S9).

Because SPs are composed mainly of a hydrophobic core of amino
acids74 such as glycine (Gly), alanine (Ala), valine (Val), leucine
(Leu), isoleucine (Ile), proline (Pro) and phenylalanine (Phe), we
hypothesized that if translation efficiency controls the SPs, the afore-
mentioned amino acids would be codified preferentially by the less
efficient (non-optimal) codons, and then we would expect their en-
richment in the 50-end region of CDSs.

In agreement with our hypothesis, it is possible to observe that in
the first bin (Fig. 6) Leu is codified preferentially by CTG in K. lactis
(Kl), CTG in K. marxianus (Km), CTC in P. pastoris (Pp), CTC in S.
cerevisiae (Sc) and TTA in Y. lipolytica (Yl). Although they are differ-
ent codons, all of them are RareNO codons. On the other hand, for
the same amino acid, the most depleted codon is TTG in Kl, TTG in
Km, TTA in Pp, TTG in Sc and CTT in Yl, which are optimal codons
except for Pp that does not present optimal codons for this amino
acid. In other cases, Val is preferentially codified by GTA in Kl, GTA
in Km, GTG in Pp, GTG in Sc and GTA in Yl, being all RareNO
codons. Phe is preferentially codified by TTT in Kl, Km and Pp,
which is a non-optimal codon, and at the same time avoids TTC
which is optimal in all cases; Sc and Yl do not present codon bias for
this amino acid. Gly is preferentially codified by GGG in Kl, GGA in
Km, GGG in Sc and GGG in Yl, which are all RareNO codons. Pp
does not present codon bias for this amino acid, while Km, Sc and Yl
avoid the use of the GGT codon which is FreO in all cases.

Interestingly, a number of researchers reported significant im-
provement in yeast protein secretion when Arg was inserted exactly
in the N-terminal of synthetics SPs74,75 and, as shown in Fig. 6, the
amino acid with the highest bias (conserved characteristic among the
yeasts) is indeed Arg. We checked the features of its codons and

Figure 6. The codon positional dependency in genes coding proteins with signal peptide. The figure shows the analysis applied to the set of CDSs which have

signal peptides. The Y-value (see Materials and methods) is reported graphically to illustrate the codon enrichment or depletion at different intragenic

positions.
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found that Arg is preferentially codified in the 50-end region by CGG
in Kl, CGA in Km, CGA in Sc and CGC in Yl, which are RareNO
codons, while Pp uses preferentially CGC (RareO) and CGG
(RareNO). Therefore, this is an important feature to be considered in
experimental designs of synthetic SPs.

In general, we observed in this study a conserved feature: amino
acids that are part of the SPs are codified preferentially by non-opti-
mal codons, most of them being RareNO codons. We also verified
that this genic region is commonly depleted in optimal codons, dem-
onstrating through this integrated approach, that positional depend-
ency governs the codon arrangement in SPs, which seems to provide
slow translation rates at the 50-end and maintains the ramp of trans-
lation efficiency of genes,30 to guarantee co-translational interaction
between SPs and the signal recognition particle.26

3.8. Codon category contribution to protein structure

and the necessity of new optimization methods

Protein co-translational folding is one of the most important features
of individual codons in protein biosynthesis.22,67,76,77 We analysed
the relationships between different categories of codons and the pro-
tein tertiary structure, as well as important issues related to the use

of the classical method of codon optimization such as the Codon
Adaptation Index (CAI).

We assessed in each yeast genome a conserved CDS with a similar
CAI value, but with different protein expression levels under similar
physiological conditions. In this way, we analysed the TEF1a
(Translation elongation factor 1 alpha) and SSE1 (coding a heat-
shock protein) genes which have similar CAI values in each host
yeast genome (Fig. 7A). Subsequently, we performed codon multiple
alignments as described in a previous study27 and then we considered
the corresponding codon category and determined the levels of con-
servation among the 5 yeasts (Fig. 7B). We represented the codon-
category conserved sites in the 3D structure of both proteins, which
allowed us to illustrate conserved evolutionary types of translation
efficiency and co-translational folding over two differently expressed
genes, despite having close CAI values.

First, it is important to highlight that by using our codon categor-
ization, a potential impact on essential structural features was un-
covered. Our novel categorization scheme allowed us to identify
patterns of conserved optimal codons in agreement with previous
findings,27 but going beyond the categorizing of individual codons
by optimality properties, the proposed method herein takes into ac-
count the fact that these optimal codons are also frequent codons in

A
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Figure 7. Proof of concept on codon category contribution to structural features of two different proteins. (A) Similar values of Codon Adaptation Index (CAI) were

found for the SSE1 (expressed as a response of heat-shock) and the TEF1a proteins (highly and constitutively expressed). As both present similar CAI values to

their host genomes, and have very different expression rates in physiological conditions, they are an interesting example to test our concept. CAI, a commonly

used index, seems to be a non-well fitted method for predicting expression levels of proteins and thus is not recommended for the secure optimization of yeast

genes. (B) Method for multiple sequence alignment based on codons to determine the conservation of codon categories in coding sequences. If a codon category

is conserved at least in four out of five yeasts then the codon is defined as conserved and its category is illustrated with its correspondent colour in the protein

structure. (C) Conserved codon categories are highlighted in SSE1 protein structure. Motifs of conserved Frequent–Optimal codons (FreO) at determinant pos-

itions in alpha-helices. (D) Conserved codon categories are highlighted in TEF1a protein structure. Positions with conserved Frequent–Non-optimal codons

(FreNO), illustrating conserved non-optimal sites within genes at different positions to possibly regulate the efficiency and accuracy of the protein elongation pro-

cess, being a potential requirement to the co-translational folding of proteins. (E) Changes in codon category composition when both proteins were optimized by

CAI algorithm. CAI optimization introduces silent mutations that could impact translation rates by insertion of FreO and FreNO codons.
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a genome-scale analysis. Thus, we observed FreO codons conserved
in positions 1 and 4 from the helix start, and additionally, the enrich-
ment of conserved FreO codons in the alpha-helices (Fig. 7C and D).
One important point to be noted is the absence of FreNO conserved
sites in the structure of the SSE1 protein (Fig. 7C), whose translation
is low, but presents a conserved RareNO site at the beginning of the
gene in the second codon/amino acid position. However, it was not
possible to illustrate it in the protein structure due to lack of informa-
tion of this amino acid in the original 3D protein model. In addition,
it is important to observe (Fig. 7C and D) that even different codons,
or indeed, when different amino acids are being coded, the codon
category is conserved among the yeasts, suggesting the importance of
the properties of individual codons to the conformation of structural
features in proteins.

In the case of TEF1a, a highly expressed protein, we found opti-
mal (FreO and RareO) and FreNO conserved sites in important
structural locations (Fig. 7D), such as the last position of beta-sheets
and alpha-helices. It is reasonable to claim that this FreNO conserva-
tion provides the control needed over the protein elongation rate. It
seems that the ribosome suffers a decrease in translation speed to re-
tain inside its tunnel the previously translated amino acids in order
to fold the structural motif. The conserved FreNO sites are found in
general at �20–30 codons downstream of complete alpha-helices or
beta-sheets, fitting perfectly to the length of the ribosomal tunnel
(�30 amino acids), the region responsible for protein co-
translational folding.26,78,79 After they have been analysed, we
focused our investigation on a more generalized perspective about
the role of the four categories of codons in secondary protein
structures.

First, we hypothesized that codon features affect the translation
efficiency of the ribosome, and assist protein secondary structure
conformation. Therefore, we expected to observe that the secondary
structures would be translated at different rates and their codon com-
position would not be equally distributed between the cluster of fre-
quently used codons (FreO and FreNO) and the cluster of rarely
used codons (RareO and RareNO). To test this, we retrieved 300
structures from the RSCB Protein Data Bank and filtered out the re-
dundant ones, resulting in 138 non-redundant protein structures.
Next, we evaluated the occurrence of the four codon categories in-
side all their alpha-helices, beta-sheets and coil regions (coil was
assumed to be the regions which do not belong to helix and sheet co-
ordinates in PDB files).

We found that the codon composition of alpha-helices and beta-
sheets is similar (�41% FreO, �16% FreNO, �18% RareNO and
�23% RareO; Supplementary Fig. S10A), also �65% of the codons
were optimal and �35% non-optimal, suggesting that a substantial
proportion of the secondary structures is translated slowly.
Contrary, coil regions presented a notable difference in codon com-
position (Supplementary Fig. S10A). We observed that the compos-
ition of RareNO codons in coils was the highest compared with the
other two structures, approximately 26% of its total composition.
This result indicates that, at least for the proteins analysed, coils
have numerous points with the slowest translation efficiency as deter-
mined by codon decoding times in Fig. 5A. Moreover, codon opti-
mality distribution in coil regions is particularly characterized by an
increased presence of non-optimal codons (�44% non-optimal and
�56% optimal; Supplementary Dataset S2).

We believe that these observations are attributed to the dynamics
of the protein elongation process. As an example, we consider a sim-
plified part of a protein composed by a helix followed downstream
by a coil. When the region corresponding to the helix has been

already (optimally) translated, it would be fitted inside the ribosome
tunnel where would occur the co-translational folding.26,78,79

Probably, the time required to take place this folding is provided by
the decrease of translation rate in coil region, which would be associ-
ated to the presence of RareNO codons (enriched in the coil).
Another possible explanation to this observation could be attributed
to the evolutionary pressures that act over the sheet and helix struc-
tures, as they determine the correct function of proteins one will ex-
pect that these secondary structures tend to be adapted for efficient
translation while coils could accumulate different silent mutations.
This reasoning is still a theoretic approximation to the observations
and further approaches should be applied to unveil the mechanisms
behind these intriguing results. We suggest that synthetic optimiza-
tion of codons in those structures should consider that changes in
local translation rates could impact the protein co-translational fold-
ing and ultimately its function.

Finally, we were interested in examining the codon composition
at the extremities of the secondary structures which seems to be spe-
cifically under higher selective pressures considering the previous
TEF1a/SSE1 inspection. To analyse the positional dependency of the
structure-codon correspondence we studied the differences in the
codon composition of the four codon categories at different pos-
itions. Because the secondary structures of proteins present a high de-
gree of variation in length, we decided to constrain our analysis
using the first three and the last three codon positions. Notably, the
codon composition of FreNOs presented the highest increment in the
first codon of helices when compared with the overall
(Supplementary Fig. S10B). Although FreO codons are preferentially
found at this first position (�39%; Supplementary Dataset S2),
FreNO codons presented their highest occurrence (�21%) at this
position when compared with all other positions. At subsequent pos-
itions (Codons 2 and 3) the FreNO composition is decreased and
similar to the overall, in the third codon position FreO codons were
found to be relatively increased. At the last position on the helices
(Codon n), FreO codons decreased their occurrence and the non-op-
timal codons presented a relative increment. Also, we observed an
increased occurrence of RareO codons (Supplementary Fig. S10A).
In general, our analysis indicates that helices are relatively depleted
in optimal codons at the first and last position of the structure
(Supplementary Fig. S11).

These results denote that the extremities of the helices, could serve
as a transition point in the translation rate to start or terminate struc-
ture translation. This transition point in beta-sheets is characterized,
in contrast to helices, by a decrease in FreO codons occurrence at the
end of beta-sheets (Supplementary Fig. S10B), where FreNO codons
are relatively enriched, and by a relative depletion of non-optimal
codons at the beginning of the structure (Supplementary Fig. S11).
In the case of the coil regions, we observed that the first three
positions presented a remarkable enrichment of RareNO codons
(Supplementary Fig. S10B), specifically, the position corresponding
to the second codon presented the highest increment of RareNO
codons in all the structures, suggesting that the translation at the be-
ginning of coil regions is characterized by a very slow rate. Even
though the occurrence of non-optimal codons in coil regions is
mainly concentrated at the beginning of coils, we also found them
increased at the end of the structure (Supplementary Fig. S11).
Although codon overall composition of protein secondary structures
seems not very dissimilar (Supplementary Fig. S10A), it is possible to
perceive that the three protein secondary structures presented con-
trasting profiles in the extremities (Supplementary Fig. S11). In gen-
eral, this intriguing outcome is a theoretical evidence that protein
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secondary structures could be ruled by the codon positional depend-
ency like the observed properties of coding sequences at genome-
scale, having potential implications in the understanding of protein
evolution as well as biotechnological applications. However, this is
an unexpected result and further research should be aimed at collect-
ing more evidence on the transition points presence and the position-
dependent translation efficiency coupled to the co-translational fold-
ing in inner regions of protein secondary structures.

Although we have reported these correspondences between codon
categories and protein secondary structures of 138 non-redundant
proteins, we suggest that codon-structure correspondence analysis,
aimed at heterologous expression experiments, should be performed
on a gene-by-gene basis, to identify the codon category in relevant
protein structures such as the N-terminus (which in helices seems to
be generally enriched in FreNO and depleted in optimal codons) and
the structural transition points. Accordingly, both optimal and non-
optimal codons have molecular tasks important to cell development.
Furthermore, the high complexity of individual codon contribution
to protein biosynthesis in yeast cell factories should be considered in
codon optimization.

This reasoning led us to show the potential effects of traditional
codon optimization methods such as the Codon Adaptation Index
(CAI) approach for optimization of genes. In our experiment (Fig.
7E), we obtained genes with a significant number of frequent codons
which should not be considered as optimal; thus, it may be con-
sidered normal to obtain a sequence enriched in FreNO codons after
gene optimization using the CAI. Then, these FreNO codons could
affect protein translation elongation by decreasing the local transla-
tion rate and possibly generating unexpected protein qualities.

Consequently, individual codons have different features that con-
tribute in diverse ways to protein biosynthesis. It depends on several
characteristics such as the selective forces that define which codons
are enriched and depleted as a function of position, the frequency of
codon usage, the adaptation of each codon to the cognate tRNAs
available in the cell, the GC content, and the mRNA folding energy.
Additionally, each codon has a different role as a speed regulator in
protein translation, property that orchestrates the accuracy, effi-
ciency and co-translational folding in protein biosynthesis. Hence,
simplistic manipulation of codons for heterologous expression does
not take into account the complex biological implications of individ-
ual codons.

We propose that the systematic overview presented in this work
must be considered when designing synthetic genes. We define this
proposed approach as Codon Transliteration, in which a gene to be
used in heterologous expression needs to be studied in depth.

In this proposed approach, each codon that encodes the same
amino acid in the original organism must have its properties charac-
terized. Subsequently, each codon and its features in the new host
must be identified. As an example, we consider a gene from K. marx-
ianus to be expressed in Y. lipolytica. The codon TGT of K. marxia-
nus is categorized as FreNO (Fig. 7D), that is, it has features such as
non-optimal codon and frequent occurrence in different positions
within genes, a slow translation rate, but a codon decoding time
lower than RareNO codons. Nevertheless, the same codon (TGT) is
RareNO in Y. lipolytica and for this reason, it should not be chosen
for expression in this yeast because despite encoding the same amino
acid (cysteine), it contributes differently to the protein elongation
process. Therefore, the introduction of this codon will lead to a de-
crease in the elongation rate, and generate unexpected results related
to protein co-translational folding. On the other hand, the TGC
codon also encodes cysteine in Y. lipolytica and it is categorized as

FreNO codon, and conserves the same features found in K. marxia-

nus. For these reasons, the TGC codon should be chosen in
Y. lipolytica.

On the other hand, we expect that genes which are not highly ex-
pressed could be efficiently expressed in heterologous hosts by trans-
literating their codon features (FreNO, RareNO, etc.) to the new
host. Thus, in order to optimize individual codons to the new host in
terms of their role in the protein secondary structure, we suggest that
the category of codons encoding amino acids inside alpha-helices
and structural transition points should not be modified.
Nevertheless, those that contribute to other structures could be opti-
mized with a view to improving the translation rate of ribosomes.

In conclusion, by using traditional approaches, synonymous mu-
tations can affect the protein synthesis in terms of quantity, folding
and function (Fig. 8). As described through this integrated analysis,
each codon seems to play a determinant role in gene translation effi-
ciency and co-translational protein folding, and different impacts
could be generated when a gene sequence is manipulated without the
details deserved.

By insertion of synonymous (silent) mutations (Fig. 8A), a hypo-
thetical protein-coding gene, shaped by different codon category
emerges. Its translation efficiency is maintained by the absence of
slower translated codons (RareNO, see Fig. 5A for details), and the
presence of both FreO codons, that enhance the translation speed,
and FreNO codons, which assist protein co-translational folding
which slow the translation rate in order to support the polypeptide

A B

C D

Figure 8. Theoretical scheme of codon contribution to translation efficiency

and co-translational protein folding. The figure shows the potential impacts

in quantity, folding and function of proteins by insertion of synonymous (si-

lent) mutations. The four categories of codons determined in the present

work have been used to illustrate each codon contribution for protein bio-

synthesis. (A) A hypothetical protein-coding gene shaped by different

codons category. (B) The gene has been modified in order to improve its op-

timality for available tRNA isoacceptors. Translation speed is enhanced,

positively affecting protein quantity. On the other hand, this modification

can affect negatively the co-translational folding and with that the protein

function. (C) An optimized version in terms of frequency (e.g. by CAI) of the

wild-type gene. The insertion of FreNO codons affects negatively the quan-

tity of protein produced, but on the other hand supports the maintenance of

a slower speed in the translation steps and thereby assists in co-translational

protein folding. (D) Silent mutation inserting RareNO codons (slowest trans-

lated codons). It affects the translation rate, decreases protein quantity and

leads to unknown features in co-translational folding and function.

Abbreviations: FreO: Frequent and Optimal codons; RareO: Rare and

Optimal; FreNO: Frequent and Non-optimal; RareNO: Rare and Non-optimal.
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folding inside the ribosome tunnel. This arrangement of a different
category of codons allows for normal protein production in terms of
functionality, quantity and folding. However, when the gene has
been modified (Fig. 8B) in order to improve its optimality to avail-
able tRNA isoacceptors (e.g. by tAI), the insertion of synonymous
mutations of FreO and RareO codons leads to the enhancement of
translation speed which affects the protein quantity positively, but
the co-translational folding and, consequently, its function
negatively.

In another case, an ‘optimized’ version, in terms of codon fre-
quency (e.g. by CAI), of the wild-type gene is presented (Fig. 8C).
The insertion of FreNO codons affects the quantity of protein syn-
thesized negatively, but, on the other hand, maintains a slow speed
in the translational periods, and by doing this, assists co-
translational protein folding. However, excessive insertion of FreNO
codons implies more sites at which the ribosome decreases its transla-
tional speed and generates potential misfolded structures in the pro-
tein with a different function to the wild-type. Finally, when silent
mutations are created in a gene, containing more RareNO codons
(Fig. 8D) than the wild-type gene, they could affect its translation
rate, decrease protein quantity and lead to unknown features in co-
translational folding and function.

In summary, it seems that codons, through a positional depend-
ency function, are arranged so as to exert control over different mo-
lecular events such as the initiation of translation by means of
mRNA folding energy, the translation per se by the codon adaptive-
ness to the tRNA isoaceptors, the yield protein production by the
codon translation efficiency, and the protein function in terms of
their different roles in co-translational folding. The approach de-
veloped in this study, based on the integrated analysis of individual
codons, contributes to an in-depth understanding of the biological
roles of codons, and features an improvement in the basis of rational
gene design in heterologous expression and synthetic biology.

Availability

Algorithms description, codes and tutorial: https://github.com/juan
villada/CodG
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